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Abstract

As Atrtificial Intelligence rapidly continues to be improved and refined, it has become
more possible to help mental health industry owners redefine the meaning of mental
health in a more positive way than before. Thus, improving the way to diagnose mental
illness in earlier stages, making the treatment more effective. This can be achieved by
personalizing the diagnoses and treatment based on the individual’s case
characteristics. Mental health is a person's overall psychological well-being, including
emotional, psychological, and social factors that affect how they think, feel, and
behave. A balance and stability in mental health enable a person to handle normal life
stresses, work efficiently, and contribute positively to their community. Since
Depression, Stress, and Anxiety are considered the most common disorders, this
research aims to employ machine learning algorithms to predict the diagnoses of stress
using a dataset collected as part of this work. The dataset consists of around 700
records using an online survey, which was on top of DASS21 (Depression, Anxiety,
and Stress international Scale). The data were collected from Palestinian participants,
volunteers from the community, and university students. Then data preprocessing has
been applied, cleansed from duplicates, and removed useless features like the hand and
religion. Also converting textual values into numerical, and due to the imbalance in
data, resampling technique has been used to resolve the imbalance to have more
accurate results. Five different machine learning algorithms were utilized to analyze the
data and achieve the early detection of mental health issues: Random Forest Model,
SVM Model, K-Nearest Neighbors Model, XGBoost Model, and Multi-Layer

Perceptron (3 Layers) Model. The results for Depression were SVM with the Dbest



\

model accuracy at 100%, followed by MLP with 98%, then XGBoost with 95%,
Random Forest with 93%, and finally KNN with 77%. The results for Anxiety showed
SVM gaining the highest score at 100%, MLP at 96%, both Random Forest and
XGBoost at 95%, and KNN at 79%. Also, the results for Stress were 100% for SVM,

then Random Forest and XGBoost at 97%, MLP at 96%, and KNN at 78%.

Keywords— Mental Health Disorders, Stress, Depression, Anxiety, Machine

Learning, Classification, Random Forest, Support Vector Machine, KNN, Multi-Layer

Perceptron, Xgboost
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Chapter 1

1.1 INTRODUCTION

According to the World Health Organization (WHO), depression is the most widespread
mental disorder and affects over 300 million individuals globally as show in figures
(1.1,1.2)(WHO, 2017). This has led to a significant increase in focus from health researchers
toward studying this issue. However, accurately distinguishing anxiety, depression, and
stress is a challenge for machines and requires the use of an appropriate learning algorithm

for proper diagnosis.

Cases of depressive disorder (millions),
by WHO Region

Figure 1.1.1 Cases of Depression by Region

Cases of anxiety disorder (millions),
by WHO Region

Figure 1.1.2 Cases of Anxiety by region



The WHO believes that a person's overall health, including both their physical and mental
well-being, is essential for overall wellness (Sau & Bhakta, 2017), also the studies proved
that a strong relationship between Stress and Depression and Anxiety which cause a suicide

thought as shown in figure (1.3)(Samele et al., 2018).

Over half of adults (51%) who felt

e O
stressed reported feeling depressed,
and 61% reported feeling anxious.
‘i-i‘ ¢ o

e, =me

Of the adults who said they had felt

7 stress at some point in their lives, 16%
M said they had self-harmed, and 32% said
il they had suicidal thoughts and feelings.
00 C G OOOOOECESEOESRIOROROEOEOEOIRBDROOROOROIOOROOETEOEOTEOETSTOBRET

Figure 1.1.3 Stress Statistics

In Palestine, the political issues, and the Israeli occupation, and the surrounding
circumstances, made it more vulnerable to have mental health illnesses, among 1254 patients
15.3 % reported depression,17.3 % anxiety disorder (other than PTSD or acute stress
disorder), and 23.2 %post-traumatic stress disorder [PTSD]. Among children <15 years old,
factors significantly associated with PTSD included being witness to physical abuse or
murder, receiving threats, and property destruction or loss (Marie et al., 2016).

Increasing number of people who are looking for mental health aid and lack of number of
specialists all around the world, late mental health disorder detection and the shortage in
mental health governmental budget encourage researchers to find a solution for early

detection of mental health issues and to employ the technologies for self-diagnoses which



could lead to avoid development of the mental health issues which could lead into a disaster
result.

Depression, Anxiety, and Stress are the most common disorders in the modern lifestyle, and
many scales are used to self-identify the illness status of patients, one of the most common
scales is DASS which will be used to collect data from local individuals, this scale has set of
questions for Depression, Anxiety and Stress, the answers will be aggregated based on the
scale equations, and the final score will be classified to give the final result, these results will
be used for data labeling, and then the supervised machine learning will be used to learn from
this data and generate a model that going to be used for future cases classification.

The Depression, Anxiety, and Stress Scale (DASS-21) is a method for gathering information
that may be leveraged to create a best-fitting method for the detrimental consequences of
despair, anxiety, and strain on mental health (Basha & Kaya, 2016a). Research shows that
the DASS exhibits strong intrinsic coherence, and internal reliability, and effectively
distinguishes between the characteristics of stress as well as despair more effectively than
that of other assessments currently in use. Therefore, the DASS is a good tool for evaluating
the symptoms of anxiety, distress, and stress in clinical as well as non-patient populations.
Utilizing a large database and a learned system, the researchers hope to get a better
understanding of which techniques perform best for visualizing anxiety, panic, and tension
in real time (Ghorpade-Aher et al., 2023a).

This has led to a significant increase in focus from health researchers toward studying this
issue. However, accurately distinguishing anxiety, depression, and stress is a challenge for

machines and requires the use of an appropriate learning algorithm for proper diagnosis.



In this study, local data will be collected, analyzed, and then used five supervised machine
learning. algorithms Random Forest, Support Vector Machines, KNN, XGBoost, and Multi-
Layer Perceptron to early detection of mental health issues (Depression, Anxiety, and Stress)
based on the data collected from several cases, where these algorithms will be trained against

this data to be able to make decisions or future cases.

1.2 OBJECTIVES
The main objective of this study is to employ machine learning technology to find a model

that can predict mental health issues specifically Depression, Anxiety, and Stress by
responding to a few questions extracted from the DASS scale, then the model will be able to
classify the patient whether he has one of the mentioned disorders and which level, to achieve
this goal the below steps will be followed.

e Preparing an Arabic version of the questionnaire based on DASS.

e Collecting data from local individuals.

e Finding the best model using machine learning that can be used to automate the

process of diagnoses of Depression, Anxiety, and Stress.

1.2 CONTRIBUTION
Depression, Anxiety, and Stress represent prevalent mental health disorders. However, a

localized Arabic dataset specifically addressing these disorders for comprehensive study is
lacking, alongside a dearth of prior experimental studies utilizing an Arabic dataset. The
creation of such a local dataset and subsequent comparison with international studies will
illuminate the distinct local features and characteristics pertaining to these three Mental
Health disorders, delineating key indicators and symptoms. Moreover, the development of a

robust predictive model capable of accurately gauging the severity of mental health



conditions such as Depression, Anxiety, and Stress signifies a pioneering effort in Palestine's
mental health landscape. This model, leveraging machine learning techniques on local data,
can be deployed online for use by individuals and mental health specialists, aiding in early

case detection and guiding treatment recommendations based on diagnostic outcomes.

1.3 OVERVIEW

Chapter (1) focuses on the problem of predicting mental health disorders especially
Depression, Anxiety, and Stress using machine learning techniques. First, we discuss the
common types of mental health disorders (Depression, Anxiety, and Stress) and how they
affect human well-being. Furthermore, the objectives of this study have been discussed as
what are the main goals that the research targeting to achieve. Finally, the main contribution
of this study is mainly evolving about collecting local DASS data sets for mental health
disorders.

Chapter Two provides a literature review on mental health disorders (Depression, Anxiety,
and Stress) classification to give an overview of existing research. Various methods are
discussed for classifying the different types of mental health disorders using the DASS scale
and the techniques used for detecting and diagnosing the same. Moreover, a combination of
machine learning and traditional statistical methods is introduced as a possible way to predict
the risk of Mental health issues.

In chapter three, the machine learning methodology is presented through the development
process to evaluate and deploy machine learning models. The method consists of data pre-

processing, feature engineering, model selection, model evaluation, and model deployment.



Finally, in chapter (4), the results are presented and benchmarking between different models
that were used. The presentation of the results contains all available means to reach the most
appropriate model to achieve the optimal model through a fair comparison between the
models used in the classification process.

In conclusion, Chapter 5 delves into the restrictions of existing approaches and potential
developments in this area. It highlights that further research is needed to improve the
accuracy and reliability of the models. Also, new techniques can be developed to handle large

datasets and reduce computational complexity.



Chapter 2

2.1 BACKGROUND

In general, about 1 out of every 6 adults will have depression at some time in their life.
Depression affects about 16 million American adults every year. Anyone can get depressed,
and depression can happen at any age and in any type of person, many people who experience
depression also have other mental health conditions. Anxiety disorders often go hand in hand
with depression. People who have anxiety disorders struggle with intense and uncontrollable
feelings of anxiety, fear, worry, and/or panic. These feelings can interfere with daily activities
and may last for a long time (Kessler et al., 2010).

Machine Learning applications are increasing in the medicine and health care industry, in the
mental health sector the need for Machine Learning is important to understand its current
applications and future opportunities. And how Machine Learning can support mental health
clinical practice while taking into consideration its current limitations. Machine Learning
technology is becoming common in medicine for physical health applications, the adoption
of Machine Learning in mental health has been slower. Mental health practitioners are more
hands-on and patient-centered in their clinical practice than others in the Physical health
sector, they depend more on soft skills and relationships with the patients and observing
direct behaviors and emotions.

However, Machine Learning has great opportunities to enhance mental illness diagnosis and
understanding of mental illnesses, collecting data of previously diagnosed cases and analyses
these cases by learning the algorithms on it, will help to automatically predict new cases to

make the diagnoses process more efficient and accurate.



2.2LITERATURE REVIEW

Given the profound impact of mental health on human well-being, it stands as a pivotal area
of research garnering substantial scholarly attention. This study specifically delves into the
realms of Depression, Anxiety, and Stress, with an exhaustive literature review scrutinizing
prior investigations within these domains. Notably, the review concentrates on research
endeavors utilizing data derived from the Depression, Anxiety, and Stress Scale (DASS),

providing a comprehensive foundation for the current research focus.

2.2.1 Using Machine Learning Algorithms with Mental Health dataset

Early and timely diagnoses of mental health disorders prevent possible harmful result of
people, especially among elderly patients. (Sau & Bhakta, 2017) Sau, A., & Bhakta aim to
develop an appropriate predictive model, to diagnose anxiety and depression among older
patients from socio-demographic and health-related factors, using machine learning
technology. The research was done on 510 geriatric persons using 10 machine learning
classifiers. Random Forests obtained the best results with 89% of prediction accuracy. In
another research (Sau & Bhakta, 2019) the same authors studied different populations of
seafarers’ vulnerability to suffering from mental health disorders mainly Anxiety and
Depression. By doing aperiodic screening for the seafarers using automated procedures
backed by machine learning algorithms to identify the risk of being diagnosed with these
disorders for early referral to psychological counseling and treatment. A total of 470 seafarers
were interviewed at Haldia Dock Complex, India. Various socio-demographic, occupational,

and health-related information were collected. Five machine learning classifiers were used



(Catboost, Logistic Regression, Naive Bayes, Random Forest, and Support Vector Machine)
implemented in Python, where Catboost gave the best results in terms of accuracy and
precision (82.6% and 84.1%) respectively. The results were encouraging automation of the
timely consuming screening procedure by using machine learning.

Another research by A. Priya, S. Garg, and N. P. Tigga (A. Priya et al., 2020) which focuses
on the same set of disorders, but with different datasets for predictions of Anxiety,
Depression, and Stress. This research has used Five different machine learning algorithms
Decision Tree (DT); K-NN; Naive Bayes (NB); Random Forest Tree (RFT); Support Vector
Machine (SVM). Data were collected from 348 participants employed and unemployed from
different communities and cultures. The participants aged between 20 and 60 years answered
21 questions on DASS 21 scale, to diagnose Stress, Anxiety, and Depression, with 7
questions for each. Due to Imbalanced classes f1 score the accuracy of naive Bayes was found
to be the highest, although Random Forest was identified as the best model.

While stress disorders are a common issue among people who are working in the IT field,
(Srinivasulu et al., n.d.) applied machine learning algorithms to analyze stress patterns in
working adults. OSMI mental health survey 2017 which includes responses from people who
are working in Tech field, Various Machine Learning techniques were applied to train our
model after due data cleaning and preprocessing. The accuracy of the above models was
obtained and studied comparatively; Boosting gave the highest accuracy among other
modules. Also, decision trees helped to identify the most influencing features on the expected
results which were gender, family history, and availability of health benefits in the

workplace.
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2.2.2 DASS21-Based Related Studies

DASS is one of the common nonclinical scale for diagnosing the mental health disorders
Depression, Anxiety and Stress. It has two versions, 42 and 21 versions, the 21 version
consists of 21 related questions, divided into three groups, 7 questions for each mental health
disorder, Depression, Anxiety and Stress, which has been used in this study. Also, many
previous research has been conducted to analyze the results from these scales using machine
learning algorithms. To gain insights about these results and to find out which are the most
accurate questions that could predict the specific disorder. (Choudhury et al., 2019) research
which was conducted in Bangladesh and due to the difficulties in the younger population of
underdeveloped and developing countries. The research aiming to get insights that could
explain why young especially university students suffer from depression, to check whether
depression can be successfully predicted with the help of machine learning using related
features among 935 Bangladesh undergraduates. They also used DASS 21 scale to collect
responses and labelling the data. Random Forest was found to be the best algorithm, closely
followed by Support Vector Machine with similar accuracy and f-measure of around 75%
and 60% respectively. But Random Forest giving a better precision, recall and lower false
negatives.in the other hand, (Ghorpade-Aher et al.,, 2023b) utilized the scale of the
Depression, Anxiety, and Stress, 21 items (DASS-21), in analyzing mental health symptoms.
The researchers collected the data using a cross-sectional study with 339,781 respondents
using data from an online mental health resource center. Depression, anxiety, and stress were
measured as both outcomes and predictors in machine learning models that included

sociodemographic factors. A feed-forward artificial neural network was applied using IBM
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SPSS version 23, the prediction accuracies were 76.4% for depression, 76.3% for anxiety,
and 87.4% for stress. The study focused on the importance of stress and anxiety as significant
contributors to the predictive models. The findings described the potential of machine
learning in the early detection of mental health issues, providing a 76.4% to 87.4% accuracy
in predicting depression, anxiety, and stress prevalence. However, the authors were
concerned about the necessity of human judgment based on ethical principles in Islamic law

(Magasid al-Shariah) in considering and applying these machine-generated predictions.

2.2.3 DASS42 Based Related Studies

DASS42 is the second version of the DASSS scale and consists of 42 questions, divided into
3 groups of 14 questions for each disorder Depression, Anxiety, and Stress. The next three
kinds of literature worked on an online available dataset for DASS42 survey
responses(openpsychometrics.org, 2020). With more than 38K records from international
participants, T. Singh (Tejveer Singh, 2022) worked on predicting the condition of
Depression, Anxiety, and Stress for various people worldwide using various Machine
learning methods. The models which were used are Naive Bayes, SVM, Random Forest,
Decision Tree, and Nearest Neighbors. Parameters were tuned using Randomized search or
grid search for better selections. SVM was performing the best among all. The second
research that used the same dataset was S. G. A. G. Prince Kumara (Kumar et al., 2020)
which focused on the prediction of five severity levels of anxiety, depression, and stress using
eight different machine learning models. These methods fall into four different categories:
Bayes, neural network, lazy, and tree. Last is a hybrid technique of K-star and random forest

method. The hybrid approach improved the accuracy of the single algorithm, but it took 30



12

to 45 minutes to execute, whereas single algorithms were executed in a maximum of five
minutes. The results showed that neural networks performed better than all the others. Among
the categories of neural networks, RBFN performed the best. The third one was (Sun et al.,
2022) Y. H. Sun, H. Luo, and K. Lee proposed a novel Long to Short approach that uses
machine learning to develop efficient and convenient short assessments or surveys to
approximate an equivalent long one with acceptable accuracies for predicting anxiety
disorders. They used several machine learning techniques which are Logistic Regression
(LR), Gaussian Naive Bayes (GNB), Support Vector Machine (SVM), Random Forest (RF),
Multilayer Perceptron (MLP) neural network, Extreme Gradient Boosting decision trees
(XGBoost) and Stacked Generalization Ensemble (Ensemble). As a result, accuracy achieved
over 90% on a reduced DASS-42 scale for measuring low vs. high levels of anxiety that only
has five questions plus demographics or seven questions without demographics, RF and
Ensemble techniques performed better than others. The below table (2.1) explains the

comparison between the three above-mentioned research on the same dataset.
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Table 2.2.2.1 Comparison between the research on the same dataset

\ Research H Dataset H Participants H Objective H Methods Applied H Key Findings \
DASS42 - Naive Bayes, SVM,
T. Singh Survey 38K gere?:s:;'ig% Random Forest, beSs:/z;\r/lngﬁrfgilmrﬁgtLhcs ds
[11] Responses || Worldwide Anxi%ty Stréss Decision Tree, after parar%eter twning
(Online) ’ Nearest Neighbors '
Neural networks,
Predicting || Eight models: Bayes, especially RBFN,
S. Fcfr .irﬁ:.eG. %ﬁ‘fvii'lz 38K severity _Ievels Neural Networ_k, outperfor_med others.
Kumara | Responses | Worldwide of anxiety, Lazy, Tree, Hybrid of _The hybrid approach
[12] (Online) depression, K-star and Random || improved accuracy but
stress Forest had longer execution
times.
Achieved over 90%
Developing Logistic Re_gressiqn accuracy on a reduced
Y. H.sun DASS42 short (LR), Gaussian Naive DAS_S—42 scale fo_r
. ’ Survey 38K Bayes (GNB), SVM, |[measuring low vs. high
H. Luo, K. . assessments for .
Lee [13] Respo_nses Worldwide anxiety Random Forest (RF), || levels of anxiety. RF
(Online) disorders MLP Neural Network, and Ensemble
XGBoost, Ensemble || techniques performed
the best.

The previous three research were conducted against the DASS42 version, but it was the same

online available dataset, added to that, this study data (Preethi & Mahalakshmi, 2023) also

utilized DASS42. But with its own collected dataset to check how different personality

affects influence depression, stress, and anxiety using machine learning by figuring out which

characteristics accurately influence mental health disease. The data was collected using a

self-report survey, three machine learning algorithms were used: Support Vector Machines,

Logistic Regression, and Random Forest. Logistic Regression and Support Vector Machines

resulted in being more accurate than Random Forest for all three outcomes. The results

suggest that anxiety can be predicted more accurately than stress or depression.
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2.2.4 Hybrid Methods

Machine learning with DASS scales is used to predict the early stages of mental health
disorders, especially Depression, Anxiety, and Stress. To make the process more accurate the
researchers merge third-party techniques to increase accuracy and try to gain more accurate
insights. The following related studies which have been conducted using third party
techniques, the first one (Likforman-Sulem et al., 2017). Which has merged the new database
called EMOTHAW (EMOTion recognition from HAndWriting and draWing) that connects
emotions with how people write and draw with to figure out when people feel down or
stressed during everyday tasks like writing or drawing. They collected data from 129 people
and used smart algorithms to figure out which factors are best at predicting someone's
emotional state. They recorded seven different tasks using a digital tablet, including various
writing, and drawing activities. The data collected includes things like where the pen is when
it was used, how hard it was pressed, and other details. The results showed that the method
worked better for recognizing anxiety and stress compared to identifying depression. The
research highlights the importance of using devices like tablets to easily collect information
about how people write and draw, with the potential to improve well-being by identifying
negative emotions in daily activities, this research used the ensemble decision trees using
Random Forest for ranking the best targeted emotional state, it revealed that anxiety and
stress detection much better than depression, Whereas A novel approach of mixing the
feature selection(FS) prior to classification process to eliminate the unwanted features and
only select the significant ones this research (Arokkiya Mary & Jabasheela, n.d.), the author

is addressing the same topic of classifying Depression, Anxiety and Stress using machine
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learning algorithms, on a dataset which was collected by his own consists of 267 students,
the unique about it that he used the bio inspiring algorithms, and optimization techniques like
specifically Ant Colony Optimization (ACO) and Particle Swarm Optimization (PSO) and
Feature Selection(FS) with the Ant-Miner-based classification model, The evaluation metrics
include accuracy, sensitivity, specificity, Kappa coefficient, F-score, False Discovery Rate
(FDR), and False Omission Rate (FOR). The results revealed that it is verified that the use
of ACO in the FS for ant miner-based data classification is superior to the PSO-based FS,
The third one (Fatima et al., 2021) used the DAS21 scale to look for Depression, Anxiety, or
Stress symptoms using the sentiment meaning of a written text, it proposes a technique called
DASentimental by splitting the text into 200 sequences of emotional words, then convert
these sequenced into Embeddings which is a vector representation of the text including the
semantic meaning, to do this, they collected a data of 142 suicide notes, they used a technique
called cognitive network science, where they represented each set of recalled words as a bag
of words (BOW) and as a walk over a network that represents how words are connected in
our memories. This method considers the importance of words in our memory and the
connections between them. The results of this model were very accurate in predicting
depression (R = 0.7), anxiety (R = 0.44), and stress (R = 0.52). The model, powered by a
neural network (Multi-Layer Perceptron), opens up possibilities for exploring how our brains

organize emotions.
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2.2.5 COVID-19 Related Studies

During the COVID-19 pandemic period, people around the world were affected by the
circumstances, either on the level of their health or mental health or other fields of life, many
kinds of research were conducted to study the prevalence of mental health issues among
people during the lockdown, especially Depression, Stress and Anxiety, the following
researches which were conducted in Bangladesh and Kingdom Of Saudi Arabia are related
to this research, the first one (Sofia et al., 2023) focusses on Depression among these people
as they are at higher risk of developing other health conditions. The authors conducted a
study using a DAS21 survey with 1694 records and used machine learning algorithms such
as Decision Tree KNN and Naive Bayes, the study concluded that KNN was better in
predicting than other techniques based on the accuracy matrix, and Decision Tree was more
accurate in detecting the depression of a person, hence machine learning was suggested to
replace the conventional methods being used. The second one which was also conducted in
Bangladesh (Mahmud et al., 2023) used machine learning to develop a model that predicts
which students are at risk of suicide. The model was trained on data from a survey of over
2,000 students and was able to predict suicidal risk with an accuracy of 79%. The most
important predictors of suicidal behavior were found to be relationship status, family
environment, family income, family type, sex, job loss, economic loss, loss of
family/relatives due to COVID-19, depression, anxiety, stress, and insomnia. This
information can be used to develop more effective suicide prevention interventions, such as
offering additional support services, such as counseling or therapy, to students who are at

high risk of suicide. And the third one (Al-Wesabi et al., 2022) was conducted in Saudi
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Arabia during the COVID-19 pandemic using the same scale. This study proposed the

development of an Intelligent Feature Subset Selection with Machine Learning-based DAS

predictive (IFSSML-DAS) model to determine DAS (Depression, Anxiety, and Stress)

among 938 people during the COVID-19 crisis. The model uses the Group Gray Wolf

Optimization FSS (GGWO-FSS) technique to reduce the curse of dimensionality and the

Beetle Swarm Optimization-based Least Square Support Vector Machine (BSO-LSSVM)

model for classification. The performance of the proposed IFSSML-DAS model was tested

using a benchmark DASS-21 dataset and achieved an ROC of 99%. The results suggest that

the proposed IFSSML-DAS model is an effective tool for determining DAS among people

during the COVID-19 crisis. Table (2.2) compares the three COVID-19-related papers:

Table 2.2 Comparison between the three COVID-19 related papers

Research| Location || Participants || Objective 'XSLTS; Key Findings
KNN was identified as the
DAS21 survey, best predictor of
Focus on Machine depression based on the
1694 Depression Learning accuracy matrix. Decision
[17] Bangladesh individuals dpurin Algorithms || Tree was more accurate in
COV|D919 (Decision Tree, detecting depression.
KNN, Naive || Suggested the adoption of
Bayes) machine learning over
conventional methods.
The model achieved 79%
accuracy in predicting
suicidal risk. Key
Predictin predictors included
suicide risgk Machine relationship status, family
. environment, income, job
[18] Bangladesh Over 2,000 among Learn_lng Model loss, COVID-19-related
students students trained on
during survey data factors,_anq mental health
COVID-19 indicators.

Recommendations for
targeted interventions, such
as counseling, for high-risk

students.
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Research|| Location || Participants | Objective 'X'\gg}?g; Key Findings
. Group Gray
aﬁﬁ‘rﬁé‘l’lf’égg t Wolf The proposed IFSSML-
Feature Optimization DAS model achlevgd a
Subset based FSS ROC of_9_9%. Effectl\_/e in
938 Selection with (GGWO-FSS), | determining Depression,
[19] |Saudi Arabia Instances 2 Machine Beet_le Swarm Anxiety, and Stress gIL_Jring
Learning- Optimization the COVID-19 crisis.
based DAS based Least Suggested as a valuaple
predictive Square Suppprt tool_ fo.r assessment in
model Vector Machine similar contexts.
(BSO-LSSVM)

2.2.6 Statistics Based Research

The previous research used machine learning models with different flavors, supervised, semi-
supervised, and non-supervised algorithms, on the other hand, before machine learning,
several kinds of research were conducted using statistics, to study the effectiveness of DASS
scales and the correlation between its features and questions (Nada et al., 2022), (Ahmed et
al., 2022) and (Shafiq et al., 2020) aimed to assess the psychometric characteristics of
DASS21 scale using both classical test theory (CTT) and item response theory (IRT)
techniques, the results showed that the scale was efficient in term of internal consistency in
both techniques. (Das et al., 2021) tried to determine whether previous depression, anxiety,
and stress diagnosis affect the postpartum depression among mothers, he collected data from
118 newborn mothers, and the screening happened thorough the DASS21, the results showed
that there is as association between a history of previously diagnosed depression and current
depression scores were statistically significant (p=0.04), and the associations between
previous depression and current anxiety and stress scores (p=0.02 and p=0.003 respectively).

In Malaysia, the prevalence of mental illness is rising each year (Zarkasi et al., n.d.) this



19

research aims to study the levels of Stress, Anxiety, and Depressions and the associated
factors in the rural village of Sabah, and to achieve that data was collected from 115
individuals based on DASS-21 and using the statistical approaches, the results shows that the
rural village community at higher risk to depression and anxiety levels which requires the
decision makers to take actions.

Based on the above literature it is obvious that DASS scales are widely used and trusted by
many researchers and communities, also after the research we couldn’t identify more than a
couple of similar studies that used DASS with an Arab dataset, added to that, no local
Palestinian data has been collected before based on the same scale or even in the mental
health sector which was utilized in machine learning, which make our contribution unique in
this field and emphasize us to employ the trend technologies like data science especially
machine learning to find insights about the mental health disorders based on locally collected

dataset from the Palestinian community.
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Chapter 3

1.1 METHODOLOGY

1.1.1 Proposed Method

The purpose of this research is to use machine learning algorithms to predict mental health

status, by preparing a model that can predict as much accurately as possible the mental health

status. After training it on the collected data, the results of the model would be one of the five
classes (Normal, Mild, Moderate, Sever and Extremely Sever), the data will be labeled using
the DASS-21 mathematical equation. Most data science research is almost share common
methods to get insights and knowledge from data, all the way from determining the goals to
results discussion and future work recommendation, in this research the below steps were

followed to achieve the goal as shown in Figure (3.1.1):

e Data collection where we have prepared an online form using google forms and
distributed the form among individuals personally and online to fill out the survey.

e Exploratory Data Analysis (EDA) is to understand the data, how it is being constructed
and what can we understand from it.

e Data preprocessing by polishing the data, detecting anomalies, balancing the distribution
of the classed between the data and out layers dividing into groups, and making it ready
to be used by machine learning to have accurate results.

e Feature selection by selecting the proper features that have a significant effect on the
results.

e Model selection to determine which machine learning models to use that are suitable for

the shape, type, and size of the data collected.
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e Training the models by splitting the dataset into training and testing groups.

e Model Optimization by tweaking the models’ parameters to hypertune and get better
results.

e Results discussion, comparison, and evaluation.

The research is concerned with numbers and accuracy levels of ability for machine learning

algorithms to predict Anxiety, Depression, and Stress, which is considered as quantitative

kind of research and will use the experimental approach to test several machine learning

algorithms to obtain the best results.

Start — g

Data Collection

/

=
=
‘ " <

ONO

Results & Conclusion Machine Learning Algorithms

Figure 1.1.1: The steps of the process
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1.2 DATASET DESCRIPTION

The Depression, Anxiety, and Stress Scale were applied to reveal the psychological status of
the individuals. Also, this scale is used in determining the level of negative emotional states.
The scale was developed by Lovibond and Lovibond (1995) and proposed by the Australian
Psychological Society (Basha & Kaya, 2016b). After consulting the subject matter experts
in the field, the dataset is divided into two main sections, the first one was the demographic
data about the individuals like age, gender, City, type of living, academic level, financial
status, family size, marital status and work type and the other section was collected based on
the Arabic version of DASS-21 scale (Miriam Taouk Moussa, 2001), this scale consists of
21 questions shown in the figure (3.2.1) below, representing 3 disorders Depression, Anxiety
and Stress, with 7 questions for each. Each subset of questions in the DASS21 scale belongs
to a different disorder as below (Ali et al., 2021):

e Depression: ['Q3', 'Q5', 'Q10, 'Q13','Q16', 'Q17', 'Q211

e Anxiety: [Q2,'Q4", 'Q7','Q9, 'Q15', 'Q19', 'Q207

e Stress: ['Q1', 'Q6','Q8', 'Q11', 'Q12', 'Q14','Q18]

The total number of records collected was 731 records, using the Google Forms tool to collect
the data, the questionnaire has been shared either personally or online using some channels
targeting adults in Palestine for the sessility of the data and to preserve the privacy of the
participant to personal data that can identify the participant identity was collected to maintain

the ethical rules about the research.
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Figure 1.2.1 Dataset Description




24

1.3 DATA PREPROCESSING

There is a common says in the data science era “Rubbish in rubbish out”, which means, that
to have mature and accurate models, clean data needs to be given to this model. This explains
why around 60% - 80% of the effort is in the data science lifecycle (Klettke & Storl, 2022)
Data preprocessing includes cleansing, normalization, validation, data encoding, imbalance
handling, data quality checks, and other activities, in this research we have used python 3
and utilized different packages like Pandas, NumPy, and SkLearn.

The first step in data preprocessing is to check for missing values, we found that there are
252 missing in the religion column, so we had to exclude it, also there were 5 missing values
in the gender, and forward filling was used to fill these missing data. The next step in data
preprocessing is checking for duplicated records, and there were no duplicated records. After
that, and since most of the data were collected as textual, and machine learning algorithms
work better with numerical data, we have converted the data into numbers like gender, city,
residence type, education level, finance level, marital status, work type using mapping these
values from textual to numbers. Also, there are 21 questions, and the possible answers were
mapped into integers to be able to aggregate the results and find the total of answers.

One more technique in the data preprocessing, is data grouping, like age, we have grouped
the values into groups instead of having hundreds of distinct values, so the age was grouped
into 6 groups 0 to 5 based on defined criteria like less than 10 is first group, 16-21 second
group and so on. Scaling data is important for machine learning models is essential as most
of the algorithms use the Euclidean distance to calculate the distance between two data points,

which could be Standardization, Normalization, or Minmax scaler which is sensitive to the
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scale of the variable (Ahsan et al., 2021), so we have used the StandardScaler from sklearn.
Preprocessing (scikit-learn.org, 2023c) to achieve this.

Data Labeling is one of the critical tasks in the supervised machine learning life cycle, in this
research, the DASS21 uses an equation to calculate the results and based on these results it
determines the level of infection of the individuals, so after responses were collected, the
question’s answers were used to calculate the results based on the scale’s equation (K. B.

Priya et al., 2022):

e Depression

o 0-9 = Normal

o 10-13 = Mild Depression

o 14-20 = Moderate Depression

o 21-27 = Severe Depression

o 28+ = Extremely Severe Depression
e Anxiety

o 0-7=Normal

o 8-9 = Mild Anxiety

o 10-14 = Moderate Anxiety

o 15-19 = Severe Anxiety

o 20+ = Extremely Severe Anxiety
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e Stress
o 0-14 = Normal
o 15-18 = Mild Stress
o 19-25 = Moderate Stress
o 26-33 = Severe Stress

o 34+ = Extremely Severe Stress

Then Label encoders were used to convert the classes from textual to numeric values using
sklearn. preprocessing library (scikit-learn.org, 2023b), Normal:0, Moderate:1, Mild:2,
Severe:3 and Extremely Severe:4.

This research uses a dataset based on responses to the DASS21 scale which is used as
mentioned earlier to identify Depression, Anxiety, and Stress, therefore the data was divided
into three groups, one for each disorder, and from the first impression, it was oblivious and
expected to have an imbalance in the data, figures (3.3.1,3.3.2,3.3.3) show the distribution of

each disorder classes:
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Figure 1.3.1: Depression class distribution
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Figure 1.3.2 Anxiety class distribution
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Figure 1.3.3: Stress Classes Distribution

To handle the imbalance in data, the data resampling technique is used to up-sample the low
count classes, and the resampling technique used from sklearn.utils the function
sklearn.resample, resamples arrays or sparse matrices in a consistent way, and the default
strategy implements one step of the bootstrapping procedure. In simple
terms, sklearn.resample doesn’t just generate extra data points to the datasets by magic, it
creates a random resampling(with/without replacement) of your dataset. This equalization
procedure prevents the Machine Learning model from inclining towards the majority class
in the dataset. (scikit-learn.org, 2023a) to have a unified number of samples for each class of

200 samples for each class.



29

1.4EXPLORATORY DATA ANALYSIS (EDA)
Exploration Data Analysis is essential to the scientific process and helps establish the validity

of scientific conclusions (Jebb et al., 2017), in this stage data is being explored and analyzed
to deeply understand the data and try to find insights and relations as well, in this research,
each feature was analyzed individually, and the correlation between features also identified

to understand the relation between them, figure (3.4.1) shows the description of the dataset:

skimpy summary
Data Summary Data Types
dataframe Values Column Type | Count
Number of rows 728 string 32
Number of columns | 36 floatb4 3
int64 1
number
column_name NA NA % mean sd pe p25 ps5@ p75 plee hist
[ [ 2.7 0.74 ) 2 3 3 5 R
[ [ 6.3 2.2 1 5 6 8 20 e
@ @ @8.58 8.49 @ @ 1 1 1 ] ]
[ [ 6.2 2.2 1 5 6 8 20 e
string
column_name NA NA % words per row total words
@ @ 1 730
2] 2] 1.5 1892
@ @ 1 731
@ @ 1.1 816
@ @ 1 740
@ @ 1 728
@ @ 1.1 833
@ @ 2 1457
[:] [:] 7.1 5168
@ @ 6.1 4459
@ @ 6.2 4492
2] 2] 6.3 4578
@ @ 6.4 4681
@ @ 6.6 4835
@ @ 6.3 4583
@ @ 6.8 4977
@ @ 6.3 4584
@ @ 5.4 3924
[:] [:] 6.5 4754
@ @ 6.7 4872
@ @ 6.6 4793
2] 2] 7 5132
@ @ 5.5 4018
@ @ 6.6 4785
@ @ 5.8 4231
@ @ 6.7 4880
@ @ 6 4368
@ @ 5.8 4226
[:] [:] 5.6 4869
@ @ 72 52486
@ @ 72 52168
2] 2] 82 59772

Figure 1.4.1: Dataset Description
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As mentioned in the dataset description section, the data contains the 21 DASS scale
questions and some demographic question answers, and as part of the data exploration, each
feature will be discussed individually in the following section:

Gender: figure (3.4.2) shows the percentage of gender between the individuals who
participated in the study, it shows 415 Females and 306 Males which means the data is almost

distributed equally between genders.

Data distribution per Gender

gender
400 <

n =
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300

250

count

200

= ] M

gender

Figure 1.4.2: Gender Distribution
Also, the following figures (3.4.3,3.4.4,3.4.5) show the distribution of mental health

disorders (Depression, Anxiety, and Stress) severity levels between genders which reveals

that the infection status between females is a little bit higher than males in the three disorders:
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Stress distribution per Gender
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Figure 1.4.3: Stress Distribution Per Gender
Anxiety distribution per Gender
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Figure 1.4.4: Anxiety Distribution Per Gender
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Depression distribution per Gender
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Figure 1.4.5: Depression Distribution Per Gender
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City: this feature represents the city to which the individual belongs, the below figure (3.4.6)

shows the distribution of responses between these cities which shows that 31.5% of the

responses were from Jenin, 22.7% from Ramallah, 10.6 from Nablus, 8.52% from Gaza and

the others are distributed between the rest of the cities.

Data Distribution over cities
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Figure 1.4.6: Distribution of the data between cities.
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Data Distribution over residence types
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Figure 1.4.7: Data Distribution over residence type

Residence Type: which represents the type of place they are living in, figure (3.4.7) shows
the percentages of the residence types among individuals, which shows that maturity of the
participants was living in cities with 57.4%, 36.3% living in rural areas and 5.49% living in

camps.

Education Level: which contains the education level of the participant, the following figure
(3.4.8)

shows the percentages of each value of the education level, the figure reveals that the maturity
of the participants has a bachelor’s degree with 73.2%, then 16.1% with secondary school,
on the other hand, 9.34% holding master’s degree or above and 1.37 with low-level

education.
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Data distribution per Education Level
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Figure 1.4.8: Distribution of data over education level
Financial Level: which includes the financial level of the participants, the figure below
shows that 78.6% of the participants are from the mid-layer which represents the maturity of
the data, then 12.4% were from high-income level, while 6.87% low-income level, 1.37%

are nonexistent and .82% are extremely wealthy, this is explained visually in Figure (3.4.9).

Data distribution per Financial Level
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Figure 1.4.9: Data Distribution over financial level
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Marital Status: represents the marital status of the participant, based on the data collected,

figure (3.4.10) shows that 60.9% of the participants are single, and 33.4% are married.

Data distribution per Marital Status
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Figure 1.4.10: Data Distribution over marital status

Work Type: this feature represents the participant work type like private sector, public
sector, or others, data analysis shows that 43% of the participants are students who are not
working, 25% are private sector employees 12.4% are freelancers, also 10.4% are not
currently working, for the government sector the analysis shows that 5.36% who are working
in the government the rest of the participants 3.85% are from NGO sector, figure(3.4.11)

represent these percentages.
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Data distribution per Work Type
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Figure 1.4.11: Data distribution over work type

Age: this represents the age of the participants, the below figure (3.4.12), explicitly shows

that the maturity is between 20-30. Year which makes this dataset more youth based.

Boxplot of Age

aee sedease

age

Figure 1.4.12: Boxplot of Age
Family Size: represents the family size of the participant, the analysis reveals that the data

is symmetric and the maturity of data between 3 and 8 family members, figure (3.4.14) shows

the distribution of the family size using the histogram chart:
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Figure 1.4.13: Family Size histogram

Questions Answers: As mentioned earlier, the dataset contains 21 questions used to
diagnose the infection status by one of the mental health disorders (Depression, Anxiety, and

Stress), and each question has 4 possible answers mapped as:

0 Did not apply to me at all.

1 Applied to me to some degree, or some of the time.

Applied to me to a considerable degree or a good part of time.

Applied to me very much most of the time.

The two figures (3.4.15,3.4.16) below show the percentages of each answer:
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1.5 APPLIED MODELS

As data science-based research, different machine learning algorithms need to be employed
to be trained against the data, to find the best models that work better with the data and give
accurate results in predicting the mental health status among the three disorders (Depression,
Anxiety, and Stress). Therefore, these models need to be from different types and
architectures. in this research five supervised machine learning algorithms have been used,
Random Forrest, Support Vector Machines, K Nearest Neighbors, XGBoost, and Multi-layer

Perceptron Neural Networks, in the following, each algorithm will be discussed individually.
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1.5.1 Random Forest

Random forests are known for their robustness against overfitting and ability to handle large
datasets with high dimensionality. They are also effective in capturing complex relationships
within the data, which is beneficial for predicting mental health issues that may have
multifaceted underlying factors. It is mainly used for classification and regression. (Belgiu
& Dragu, 2016; Edla et al., 2018; Kulkarni, n.d.) Random Forrest uses an ensemble learning
technique, by having multiple decision trees as appears in figure (3.5.1), each tree classifies
the input, then a voting technique is used to take the final decision and generate the output.
Normal decision tree algorithms are rule-based and are solely based on some set of rules for
prediction on data sets. In contrast to this, random forest classifiers instead of using the Gini
index (Hegelich, 2016), or information gain for the calculation of the root node, find the root
node and split the features randomly. it works with large datasets and maintains accuracy
even when a significant proportion of the data is missing. It's widely used in various fields

like finance, medicine, biology, and more for predictive modeling.

Random decision trees are
created

Each tree
predicts a
class output

Predicted class ‘

Figure 1.5.2: How Random Forest Works Internally (Edla et al., 2018)
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Below is the mathematical representation of the Random Forrest Algorithm Where F(x) =
The ensemble output of the Random Forest algorithm, N = The total number of decision trees
in the forest, fi(x) = The result of the ith decision tree in the forest and x = The input data.
F(x) = 1/N Y (fi(x))(Madison Schott, 2019) 1)

1.5.2 Support Vector Machines

SVM is a supervised machine learning algorithm used for classification-based tasks, (Auria
et al., 2008; Mavroforakis & Theodoridis, 2006) it creates a decision boundary between
different classes, these boundaries enable the model to predict the datapoint class depending
on the feature vectors. These decision boundaries, known as the hyperplane, are orientated
in such a way that it is as far as possible from the closest data points from each of the classes.
These closest points are called support vectors. SVMs are well-suited for binary classification
tasks like detecting mental health disorders. They work by finding the optimal hyperplane
that separates different classes in the data, making them particularly effective when there is
a clear boundary between classes, as may be the case with mental health diagnoses.

Figure (3.5.2) represents how SVM works to separate data points into two classes and easily
predict new data points based on the maximum marine hyperplane between support vectors
that identify the best hyperplane. The types of hyperplane maximum margin classifier (hard
margin), support vector classifier (soft margin), and support vector machines (non-linear)

(Huang et al., 2018).
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Xy

Figure 1.5.3: SVM Classification Criteria (Huang et al., 2018)

The SVM equation is a linear equation to make a classification for data points and try to find
the optimal hyperplane the equation of SVM is below considering x as the input vector, W is
the weight vector and b is the bias.

wx*xx + b = 0 (Auriaetal., 2008) (2)

1.5.3 Gradient Boosting and Extreme Gradient Boosting

Gradient boosting is a machine learning technique that sequentially creates a predictive
model, using an ensemble of many simple models, which are decision trees. It uses the
concept of boosting, where each model corrects the errors made by previous models and
minimizes the loss function using a technique called gradient boosting (Bentéjac et al., 2021).
This enables the GB to achieve a wide range of regression and classification use cases. It has

many variants like XGBoost, LightGBM, and CatBoost, which include enhanced
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performance and speed, especially in large and complex datasets, below is the mathematical
representation of Gradient Boosting:

F(x) = Ziea™ (fi(x)) ©)

XGBoost is an alternative method for predicting a response variable given certain covariates
(Pesantez-Narvaez et al., 2019). It was proposed by (Chen & Guestrin, 2016), The main
concept behind this algorithm is that it builds D classification and regression trees, so that
each subsequent model (tree) is trained using the residuals of the previous tree as shown in
figure (3.5.3). In other words, the new model corrects the errors made by the previously

trained tree and then predicts the outcome.

Residual Erros Residual Erros

N\
P Vv 7

Figure 1.5.4: XGBoost Learning Technique (Ibrahem Ahmed Osman et al., 2021)

Xgboost is one of the implementations of gradient boosting machines (gbm) which is known
as one of the best-performing algorithms utilized for supervised learning. It can be used for
both regression and classification problems. Xgboost is preferred by data scientists because

of its high execution speed out of core computation (Chen & Guestrin, 2016). Its ability to
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handle missing values and nonlinear relationships can be advantageous for predicting mental

health issues accurately.

1.5.4 Multi-Layer Perceptron Neural Network

A Multilayer Perceptron (MLP) is one of the flavors of fully connected artificial neural
network, considered as deep learning technique as well. Using feedforward artificial neural
network that consists of multiple layers of nodes in a directed graph, it consists of multi
layers, Input layer which receives the input data and pass it to the next layer. Usually, each
feature in the dataset is mapped into one node in the input layer, Hidden Layers are the middle
layers after the input layer and before output layer. The network should have at least one
hidden layer, the main job of this kind of layers is to transform the values from the previous
layer with a weighted linear summation followed by a non-linear activation function and
Output layer. Which represents the final output of the network, and it could be one or more
layer depends on the number of expected classes, in case of Binary classification only one
output layer needed and in case of multiple, it has to be more (Delashmit & Manry, n.d.;
Popescu & Balas, n.d.; Ruck et al., 1990).

The limitation of this algorithm could be the vulnerability for overfitting in the training phase
which could make it hard to generalize, also it is considered computationally intensive if the
hidden layers number is huge and it can’t be used for sequential kind of data. The inclusion
of multiple layers allows for hierarchical feature learning, which can be beneficial for
capturing nuanced features related to mental health.

Below is the equation of neurons (Perceptron) inside the hidden layer of MLP, and how it

calculates the output, the input data are multiplied by the weights (Popescu & Balas, n.d.):



46

. (4)
i=1
where w;; : is the connection weight between the ith node in the input layer and the jth node
in the hidden layer, and x;: is the ith input, and f is the activation function. The activation

function f is calculated as in the following equation (Popescu & Balas, n.d.):

1 (5)
NS Ty

Where Xk is the input to the next layer’s node.
Figure (3.5.4) also explains the structure of the MLP network and how different layers (Input,

Hidden, and Output) are connected and organized with each other.

xp(1) Vo(1)
% ¥o(3)
Xp(N) ° . Vp(M)
Input Layer net,(Np) ~Op(Np) Ouiput Layer

Hidden Layer

Figure 1.5.5: MLP Network Structure (Delashmit & Manry, n.d.)
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1.5.5 K-Nearest Neighbor KNN

K-nearest neighbor (kNN) is one of the most popular machine learning algorithms and is a
popular classification method in data mining and statistics because of its simple
implementation and significant classification performance (Zhang et al., 2017, 2018) The k-
Nearest Neighbors (KNN) algorithm is a simple, yet powerful machine learning technique
used for classification and regression. It's part of a broader family of instance-based learning
or non-generalizing learning methods, where the function is only approximated locally, and
all computations are deferred until function evaluation.

KNN is a simple yet effective algorithm that works well for smaller datasets and can handle
noisy data. It's based on the principle of similarity, making it suitable for tasks where similar
cases tend to have similar outcomes, such as identifying patterns in mental health data.
Below are the steps of how the KNN algorithm works:

e Choose k: Choosing k significantly affects the prediction. A smaller k indicates that the
algorithm is more sensitive to noise in the data, while a larger k increases the complexity
and computation but could be more accurate.

e Distance Measure: Calculate the distance between the testing data instance and all the
training data points. It used different distance-based techniques like Euclidean distance,
Manhattan distance, and Minkowski distance.

o Identify Nearest Neighbors: compare the resulting distances and find the nearest k
instances.

Aggregate Neighbors' Outputs: It uses voting to determine k neighbors to make a prediction.

Figure (3.5.5) explains how KNN works by having a K value and tries to find the potential

predicted classes based on the distance between different data points from the training stage:
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Figure 1.5.6: KNN Classification (Xing & Bei, 2020)
Also below is the Euclidean distance formula used by the KNN algorithm:

D = {(x1,y1),(x2,y2),...,(xn,yn)}(Virani et al., 2021) (6)

1.6 TUNING PARAMETERS

Hyperparameter tuning in machine learning is the process of choosing the optimal set of
parameters for an algorithm that improves its performance in a given case. This fine-tuning
IS necessary for enhancing accuracy, reducing overfitting, and speeding up the algorithm.
Commonly tuned parameters include the learning rate, which controls the step size in the
learning process; the regularization strength, which helps prevent the model from overfitting;
and the structure parameters like the number of layers or nodes in neural networks. Specific
techniques like grid search are employed to systematically test various combinations of these
parameters to identify the best combination. Grid search, for instance, evaluates every
possible combination of provided parameter values, searching for the optimal configuration
based on performance metrics. Other approaches include random search, which samples

random combinations, and more sophisticated methods like Bayesian optimization or genetic



49

algorithms, which use probabilistic models or evolutionary concepts, respectively, to find
suitable parameters.

In Support Vector Machines (SVM), parameters like the kernel function type, regularization
parameter (C), and gamma value are fine-tuned. The kernel function allows the SVM to
handle non-linear relationships, while C and gamma balance the trade-off between the

model's complexity and its performance on the training data.

In ensemble methods like Random Forest or boosting algorithms like AdaBoost, Gradient
Boosting, and XGBoost, parameters such as the number of trees (n_estimators), the depth of
the trees (max_depth), and the learning rate are tweaked. These parameters control the
complexity and learning capability of the models.

Neural networks, such as Multilayer Perceptron (MLP), have numerous tuning parameters
including the architecture of the hidden layers, the activation functions, the learning rate, and
the optimization algorithm. These affect the network's ability to learn from data and
generalize to unseen data.

Tuning the K-Nearest Neighbors (KNN) algorithm includes adjusting different parameters
to optimize the model's performance and accuracy. One of the main tuning parameters is the
number of neighbors, which represents how many of the nearest points to a new data point
are considered in the prediction. The distance metric is another important parameter; it
determines how we calculate the distances between points. The most common metrics are
Euclidean, Manhattan, and Minkowski distances, each measuring point proximity differently
and impacting the classification outcome. Then there's the ‘weighting scheme,’ which is about

how much influence each neighbor has in the voting process in a weighted KNN, closer
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points typically have more sway than more distant ones, potentially improving the model's
performance by focusing on the most relevant instances.

For every machine learning algorithm, there's a set of parameters that, when appropriately
tuned, can significantly enhance the model's predictive power. It's a process that requires
expertise, experimentation, and sometimes automated techniques, to balance the bias-
variance tradeoff and achieve the highest possible accuracy without overfitting or

underfitting the data.

1.7PERFORMANCE EVALUATION

In the machine learning ecosystem, the process for determining the success and accuracy of
a model is known as performance evaluation. This is a major step in the model development
lifecycle which gives insight into the model's capability to handle data it has never seen
before in the training phase. There are different tools to measure the model performance,
including the Confusion Matrix, which compares the correct and incorrect predictions,
precision, and recall, which respectively measure the model's accuracy and completeness, as
well as the F-1 score and AUC-ROC curves, which provide mature metrics for accuracy and
the trade-off between true positive rate and false positive rate. Cross-validation methods like
k-fold validation mix the data to prevent the model from learning from specific parts of the
data, ensuring a more robust assessment of the model's true predictive power. Ultimately,
these evaluations are pivotal in comparing models, pinpointing critical features, and

identifying areas for refinement.
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1.7.1 Confusion Matrix

Confusion matrix is a tool that represents the performance of a classification algorithm by
displaying the correct and incorrect predictions in a tabular format. This matrix is a major
component for evaluating the accuracy of classification algorithms. The matrix split the
predictions into four sections: true positives, true negatives, false positives, and false
negatives, as appears in Table (3.7.1) which finally provide a rich overview of the model's

performance.(Heydarian et al., 2022)

Table 3.7.1: Confusion Matrix (Santra & Christy, 2012)
Predicted

TP FN

Actual
FP TN

The entries in the confusion matrix have the following meanings:

e TP (true positive): The number of records classified as accurate while they were true.

e FP (false positive): The number of records classified as accurate while false.

e FN (false negative): The number of records classified as false while they were true.

e TN (true negative): The number of records classified as false while false.

The confusion matrix is an important tool for evaluating the performance of different
classification models by using critical metrics like sensitivity (or true positive rate TPR) and
specificity (or false positive rate FPR). Sensitivity measures the proportion of actual positives

that are correctly identified by the classifier, essentially its ability to detect positives.
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Specificity, on the other hand, assesses the classifier's precision in distinguishing between
classes, reflecting its ability to identify negatives accurately(Markoulidakis et al., 2021). The
confusion matrix provides valuable statistical measures such as Precision, which evaluates
the model exactness; Recall, which indicates the model's capacity to correctly identify
positive cases out of all actual cases; and the F1 score, which is the harmonic mean of
Precision and Recall. This score is particularly useful for balancing the trade-off between
Precision and Recall and is commonly used to measure the overall accuracy of a classifier.
Below are the equations of each matric:

Accuracy is the proportion of the total number of correct predictions. It is determined using

the equation:

(TP+TN)
(TP+TN+FP+FN)

Accuracy =

()

Precision is the proportion of the predicted positive cases that were correct, as calculated

using the equation:

TP
TP+FP (8)

Recall The true positive rate (TPR) is the proportion of positive cases that were correctly

identified, as calculated using the equation:

TP
TP+FN (9)

F1 score is a statistical measure used to evaluate the performance of binary classification

models, which is especially useful when the class distribution is uneven.

% precision *x recall

(10)

precision + recal
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1.7.2 Roc Curve

The Receiver Operating Characteristic (ROC) curve is a graphical tool used to measure the
performance of a classification machine learning model without choosing a specific
threshold. It plots sensitivity (true positive rate) against specificity (1 — false positive rate) at
various threshold settings. The Area Under the Curve (AUC) shows the performance of the
model, which represents the area under the ROC curve as shown in figure (3.7.1). The closer
the AUC is to 1, the better the predictor's performance. ROC analysis takes into consideration
the false positives and false negatives equally, and it can be used to select an optimal

threshold based on different cost functions or objectives (Muschelli, 2020).
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Figure 1.7.1: ROC& AUC Smooth Vs Hard learning (Janssens & Martens, 2020)



In this chapter, the actual experiment results will be discussed in detail, where data is split
into Depression, Anxiety, and Stress respectively, and five machine learning algorithms
(SVM, Random Forest, KNN, XGBoost, and Multi-Layer Perceptron) were used to get the
best results between them. The experiment was done on Macbook Pro 16, 32 RAM, 2.3 GHz
8-Core Intel Core 19 Processor, AMD Radeon Pro 5500M 4 GB Graphics as shown in figure

(28), Anaconda used as a development environment with Pythons over Jupyter notebook.
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Chapter 4

Experiments and Results

4.1 RESULTS AND DISCUSSIONS OF PREDICTION

Since the dataset is imbalanced, we have used resampling techniques as mentioned in the

EDA section, the experiment is divided into multiple phases for each disorder data set as

follows:

1- Data splitting where data was split into 3 data sets one for each disorder one for

Depression, one for Anxiety, and one for Stress.

2- Model building for each dataset is also divided into multiple steps as below:

a.

b.

Model evaluation on the data as is.

Model Evaluation on the data as is with Grid Search.

Model Evaluation on the resampled data using the Resample technique by
specifying the number of each class instance.

Model Evaluation with resampled data using Grid Search.

Model Evaluation using SMOTE resampling technique.
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3- Comparing the results to get the best combination of the results.

Following the above strategy, after experimenting, the below tables show the results of
each disorder in 5 phases with different techniques. Hence, we found that the best
combination was using the resampling technique with grid search.

Table (4.1.1,4.1.2,4.1.3) show the results from all applied scenarios for the depression,
Anxiety and Stress datasets when the data was as is, then when we resampled, the data
using resampling and the SMOTE technique, also before and after applying the hypertuning

using the grid search.

Depression: the results shown in table (4.1.1) represents the training and testing accuracy of
the models in different stages, and from these results, the best combination was using the
resampling after the grid search, also it is notable that there was an over fitting for Random

Forest and XGBoost before the resampling and this has been resolved after the data became

balanced.
Table 4.1.1: Depression Results
Vodel | rorest | Neignbors B9 erceptren

| Data as is |

| Training Accuracy||  100% | 99% || 7% | 100% || 100% |

| Testing Accuracy || 82% |/ 89% || 72% | 81% | 98% |

| Data as is with Grid Search |

|Training Accuracy||  100% | 99% || 76% | 100% || 100% |

\ Testing Accuracy H 84% HlOO%H 71% H 84% H 98% \

| Data Resampled ]

| Training Accuracy||  100% | 99% || 85% | 100% || 100% ]

\ Testing Accuracy H 94% H 95% H 74% H 95% H 98% \

\ Data Resampled with Grid Search ]

| Training Accuracy||  100% |[100%|| 91% | 100% | 100% |
|

\Testing Accuracy H 94% HlOO%H 77% H 95% H 97%
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AR e
\ Data Resampled using SMOTE |
| Training Accuracy||  100% | 94% || 90% | 100% || 100% |
| Testing Accuracy || 86% || 83% || 81% | 87% | 86% |

Anxiety: Table (4.1.2) shows the Anxiety dataset accuracy classification results also, with
the same scenarios for different machine learning algorithms, from these results, the accuracy

of the models especially XGBoost and Random Forest was less than in Depression case, with

4% difference.
Table 4.1.2: Anxiety Results

Technique / Model R::i(;;n SVM Eé!\éi%rgi XGBoost “g:rlf:le_pl)_t?%?wr

| Data as is |
| Training Accuracy | 100% | 94% || 75% | 100% | 100% |
| Testing Accuracy || 74% | 80% || 60% | 74% || 96% |
| Data as is with Grid Search |
| Training Accuracy | 100% [[100%]| 75% | 100% | 100% |
| Testing Accuracy || 77%  [[100%) 61% | 76% || 98% |
| Data Resampled |
| Training Accuracy || 100% | 97% || 80% | 100% || 100% |
| Testing Accuracy | 94% | 89%|| 69% | 91% | 97% |
| Data Resampled with Grid Search |
| Training Accuracy || 100% [[100%)| 90% | 100% || 100% |
| Testing Accuracy | 92%  [[100%]| 79% | 91% | 95% |
| Data Resampled using SMOTE |
| Training Accuracy || 100% | 90% || 86% | 100% || 100% |
| Testing Accuracy | 83% | 77%]| 68% | 82% | 76% |

Stress: the last one which represents the Stress results in different stages for models’
accuracy as well which is explained in Table (4.1.3) the results for Stress was the best for all
models except KNN, but in general the results for the three disorders weren’t far from each

other and the gaps are not significant.
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Table 4.1.3: Stress Results

Technique Model ngg;jec;{n SVM || K-Nearest Neighbors || XGBoost '\g:rlzgpl)‘t?}éir

| Data as is |
| Training Accuracy|| 100% || 99% || 78% | 100% || 100% |
| Testing Accuracy || 78% || 87% | 63% | 80% | 94% |
| Data as is with Grid Search |
| Training Accuracy|| 100% |[100%|| 79% | 100% || 100% |
| Testing Accuracy H 80% H 99% || 65% H 80% H 94% |
| Data Resampled |
| Training Accuracy|| 100% || 99% || 82% | 100% || 100% |
| Testing Accuracy |  97% | 97% || 74% | 9% || 97% |
| Data Resampled with Grid Search |
Training Accuracy|| 99% |[100%| 90% | 100% || 100% |
| Testing Accuracy | 96%  |[100%| 78% | 9% || 97% |
| Data Resampled using SMOTE |
|Training Accuracy|| 100% || 93% || 89% | 100% || 100% |
| Testing Accuracy |  88% || 86% || 80% | 88% || 85% |

After the comparison between the different combinations, we have followed the track of the
resampling with grid search, and we will get into details of each disorder with the five models
individually:

Depression:

The depression data set was split into 80/20 as training testing with 5 K-fold for cross-
validation, the accuracy results after doing the hyper tuning using the grid search the results
become (RF:94%, SVM: 100%, KNN:77%, XGBoost:95%, MLP:98%) from confusion
matrix figures (4.1.1,4.1.2,4.1.3,4.1.4,4.1.5) it shows that the Random Forest as shown in
figure (4.1.1), has classified 190 cases correctly out of 200 cases, while SVM in figure (4.1.2)

classified 200 case out of 200, for KNN in figure (4.1.3), could classify correctly only 164
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out of 200 in the other hand in figure (4.1.4), XGBoost has classified 191 out of 200 cases

and finally in figure (4.1.5), MLP 195 of 200 cases has been classified correctly.

Random Forest Confusion Matrix SVM Confusion Matrix

0

Class 1
Class 1

True Label

Class 4 Class 3 Class 2
True Label

Class 3 Class 2

Class 4

Class §
Class 5

Class 1 Class 2 Class 3 Class 4 Class 5 Class 1 Class 2 Class 3 Class 4 Class 5
Predicted Label Predicted Label

Figure 4.1.1: Random Forest Confusion Figure 4.1.2: SVM Confusion Matrix for
Matrix for Depression Depression
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Figure 4.1.3: KNN Confusion Matrix for Figure 4.1.4: XGBoost Confusion Matrix
Depression for Depression
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Multi-Layer Perceptron (3 Layers) Confusion Matrix

True Label

Class 1 Class 2 Class 3 Class 4 Class 5
Predicted Label

Figure 4.1.5: MLP Confusion Matrix for Depression
Additional metrics that evaluate the model performance including Precision, Recall, F-

Score, and Support were used also to gain more insights about the models, tables (4.1.4,
4.1.5,4.1.6,4.1.7, 4.1.8) show the results measure the depression dataset results of 5
different classes, table (4.1.4) shows the results of Random Forest with average of precision
95%, Recall 96%and F-1 score 95%.

Table 4.1.4: Random Forest metrics Depression

Class Precision Recall F1-Score

0 0.87 1.00 0.93

1 0.95 0.88 0.91

2 0.97 0.95 0.96

3 1.00 0.95 0.97

4 0.96 1.00 0.98

Macro Average 0.95 0.96 0.95
Weighted Average 0.95 0.95 0.95

In table (4.1.5) is shows the results of SVM, with an exceptional performance of 100% for

Precision, Recall and F1-score.
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Table 4.1.5: SVM Metrics Depression

Class Precision Recall F1-Score

0 1.00 1.00 1.00

1 1.00 1.00 1.00

2 1.00 1.00 1.00

3 1.00 1.00 1.00

4 1.00 1.00 1.00

Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00

While KNN as in Table (4.1.6) the results were 77% for the three measures Precision, Recall
and F-1 score.

Table 4.1.6: KNN Metric Depression

Class Precision Recall F1-Score

0 0.77 0.82 0.79

1 0.72 0.69 0.70

2 0.56 0.51 0.54

3 0.80 0.92 0.85

4 1.00 0.93 0.96

Macro Average 0.77 0.77 0.77
Weighted Average 0.77 0.78 0.77

In Table (4.1.7) is the results of XGBoost, with 95% average of Precision, 96% average of
Recall and 95% average of F1-score.

Table 4.1.7: XGBoost Metric Depression

Class Precision Recall F1-Score

0 0.89 1.00 0.94

1 0.98 0.90 0.93

2 0.97 0.95 0.96

3 0.97 0.95 0.96

4 0.96 1.00 0.98

Macro Average 0.95 0.96 0.95
Weighted Average 0.96 0.95 0.95
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MLP metrics which is shown in table (4.1.8), it has 98% for Precision, Recall and F1-
score.

Table 4.1.8: MLP Metric Depression

Class Precision Recall F1-Score

0 0.94 1.00 0.97

1 0.94 0.96 0.95

2 1.00 0.92 0.96

3 1.00 1.00 1.00

4 1.00 1.00 1.00

Macro Average 0.98 0.98 0.98
Weighted Average 0.98 0.97 0.97

The ROC Curve (Receiver Operating Characteristic) and AUC (Area Under the Curve) are
considered primary visualization tools to illustrate model performance. In this context, a
unified ROC Curve is presented, incorporating data from all utilized models into a single
diagram. This consolidated visualization facilitates a comparison of the models' predictive
capabilities. The ROC Curve clearly shows the trade-off between true positive rates and false
positive rates among different model thresholds, offering valuable insights into their
predictive power, Figure (4.1.6) is the result for all models used for stress data which reflects

the results of the accuracy.
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Figure 4.1.6: ROC Curve for Stress Models
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Anxiety:

The anxiety dataset was divided into an 80/20 split for training and testing, with 5 K-fold
cross-validation. The accuracy results after hyperparameter tuning using grid search, results
became RF: 91%, SVM: 100%, KNN: 79%, XGBoost: 91%, and MLP: 96%. For a detailed
understanding of the outcomes, the confusion matrix for each model after parameter tuning
with the best parameters is provided in figures (4.1.7, 4.1.8, 4.1.9, 4.1.10,4.1.11) figure
(4.1.7) shows that Random Forest was able to correctly classify 186 out of 200 cases, in
figure(4.1.8) SVM classified correctly 200 out of 200 cases, KNN misclassified 42 out of
200 cases as shown in figure (4.1.9), XGBoost in figure (4.1.10), classified correctly 182 out

of 200 and MLP only misclassified 7 out of 200 cases as shown in figure (4.1.11).

Random Forest Confusion Matrix SVM Confusion Matrix

True Label
True Label
Cl

Class 1 Class 2 Class 3 Class 4 Class 5
Predicted Label

Class 1 Class 2 Class 3 Class 4 Class 5
Predicted Label

Figure 4.1.7: Random Forest confusion matrix Figure 4.1.8: SVM Confusion Matrix Anxiety
Anxiety
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Figure 4.1.11: MLP confusion matrix Anxiety

Supplementary metrics assessing the model's performance, such as Precision, Recall, F-
Score, and Support, were employed to provide additional insights into the models. The
following tables (4.1.9, 4.1.10, 4.1.11, 4.1.12, 4.1.13) illustrate these performance measures.
table (4.1.9) shows the results of Random Forest with average of precision 93%, Recall

92%and F-1 score 93%.
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Table 4.1.9: Random Forest metrics Anxiety

Class Precision Recall F1-Score

0 1.00 0.88 0.94

1 0.91 1.00 0.95

2 0.91 0.78 0.84

3 0.86 0.97 0.91

4 1.00 0.98 0.99

Macro Average 0.93 0.92 0.93
Weighted Average 0.93 0.93 0.93

In table (4.1.10) is shows the results of SVM, with an exceptional performance of 100% for
Precision, Recall and F1-score.

Table 4.1.10: SVM Metrics Anxiety

Class Precision Recall F1-Score

0 1.00 1.00 1.00

1 1.00 1.00 1.00

2 1.00 1.00 1.00

3 1.00 1.00 1.00

4 1.00 1.00 1.00

Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00

While KNN as in Table (4.1.11) the results were 79% as an average Precision, 78% for
average Recall and average F-1 score of 78%.

Table 4.1.11: KNN Metric Anxiety

Class Precision Recall F1-Score

0 0.79 0.70 0.74

1 0.73 0.94 0.82

2 0.62 0.54 0.58

3 0.82 0.84 0.83

4 1.00 0.86 0.93

Macro Average 0.79 0.78 0.78
Weighted Average 0.80 0.79 0.79
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In Table (4.1.12) is the results of XGBoost, with 92% average of Precision, 90% average of
Recall and 91% average of F1-score.

Table 4.1.12: XGBoost Metric Anxiety

Class Precision Recall F1-Score

0 1.00 0.82 0.90

1 0.83 1.00 0.91

2 0.91 0.81 0.86

3 0.90 0.95 0.92

4 0.98 0.93 0.95

Macro Average 0.92 0.90 0.91
Weighted Average 0.92 0.91 0.91

MLP metrics which is shown in table (4.1.13), it has 97% for average Precision, 96% for
both average Recall and F1-score.

Table 4.1.13: MLP Metric Anxiety

Class Precision Recall F1-Score

0 1.00 0.88 0.94

1 0.92 1.00 0.96

2 0.95 1.00 0.97

3 0.97 0.95 0.96

4 1.00 0.98 0.99

Macro Average 0.97 0.96 0.96
Weighted Average 0.97 0.96 0.96

ROC Curve achieves a superior balance between sensitivity and specificity. The AUC further
measures this performance by measuring the area under the ROC Curve. A higher AUC
implies a model's enhanced ability to distinguish between positive and negative instances.
Therefore, the presented ROC Curve and AUC analysis provide an accurate view of the

predictive power of each model, which helps in the identification of the most effective model
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during the prediction phase, below figure (4.1.12) shows the ROC for Anxiety models which

shows that MLP and Random Forest have near results while MLP gained the best result.
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Figure 4.1.12: ROC Curve for Anxiety models

Stress:

The stress dataset was divided into an 80/20 split for training and testing, with 5-fold cross-

validation. After hyperparameter tuning using grid search, the accuracy results became RF:

97%, SVM: 100%, KNN: 78%, XGBoost: 97%, and MLP: 96%, figures (4.1.13, 4.1.14,

4.1.15, 4.1.16, 4.1.17) show how each class gets predicted versus the actual results which

give more insights. Figure (4.1.13) shows that Random Forest succeed to classify 193 cases

out of 200, SVM could classify all of cases 200 out of 200 as shown in figure (4.1.14), KNN

in figure (4.1.15) failed to classify 34 cases out of 200, XGBoost explained 194 and failed

with 6 cases as figure (4.1.16) shows, and MLP could successfully classify 196 cases out of

200 as in figure (4.1.17).
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Additional metrics evaluating the model's performance, including Precision, Recall, F-Score,
and Support, were utilized to offer further insights into the models. The following tables
(4.1.14, 4.1.15, 4.1.16, 4.1.17, 4.1.18) illustrate these performance measures. table (4.1.14)
shows the results of Random Forest with average of precision 97%, Recall 96%and F-1 score
96%.

Table 4.1.14: Random Forest metrics Stress

Class Precision Recall F1-Score

0 0.97 0.94 0.95

1 0.94 0.96 0.95

2 0.97 0.95 0.96

3 0.95 1.00 0.97

4 1.00 0.98 0.99

Macro Average 0.97 0.96 0.96
Weighted Average 0.97 0.96 0.97

In table (4.1.15) is shows the results of SVM, with an exceptional performance of 100% for
Precision, Recall and F1-score.

Table 4.1.15: SVM Metrics Stress

Class Precision Recall F1-Score

0 1.00 1.00 1.00

1 1.00 1.00 1.00

2 1.00 1.00 1.00

3 1.00 1.00 1.00

4 1.00 1.00 1.00

Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00

While KNN as in Table (4.1.16) the results were 78% for average of Precision, Recall and

F-1 score.
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Table 4.1.16: KNN Metric Stress

Class Precision Recall F1-Score

0 0.65 0.91 0.76

1 0.76 0.65 0.70

2 0.71 0.68 0.69

3 0.88 0.74 0.80

4 0.91 0.95 0.93

Macro Average 0.78 0.78 0.78
Weighted Average 0.78 0.78 0.78

In Table (4.1.17) is the results of XGBoost, with 97% for average of Precision, Recall and
F1-score.

Table 4.1.17: XGBoost Metric Stress

Class Precision Recall F1-Score

0 0.97 0.94 0.95

1 0.94 0.98 0.96

2 1.00 0.97 0.99

3 0.97 0.97 0.97

4 0.98 0.98 0.98

Macro Average 0.97 0.97 0.97
Weighted Average 0.97 0.97 0.97

MLP metrics which is shown in table (4.1.18), it has 98% for average Precision, Recall and
F1-score.

Table 4.1.18: MLP Metric Stress

Class Precision Recall F1-Score

0 0.97 0.97 0.97

1 0.98 0.98 0.98

2 1.00 1.00 1.00

3 1.00 0.95 0.97

4 0.96 1.00 0.98

Macro Average 0.98 0.98 0.98
Weighted Average 0.98 0.98 0.98

The ROC Curve shows balance sensitivity and specificity, while the AUC measures this

performance by assessing the area under the curve. A higher AUC implies better
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discrimination between positive and negative instances. This combined ROC Curve and
AUC analysis provide a significant evaluation of each model's predictive power. Figure
(4.1.18) illustrates the ROC for Stress data models, which shows that MLP, Random Forest,
and XGBoost are in almost the same area but MLP was the best.

Micro-Averaged ROC Curve for All Models
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Figure 4.1.18: ROC Curve for Stress Data

4.2 DISCUSSION OF RESULTS AND COMPARISON

The dataset used in this thesis is split into 3 main sets, Depression, Anxiety, and Stress, each
dataset contains the same number of features and instances, but each one represents responses
to its question, and for each dataset, five machine learning algorithms were utilized to
complete the experiment and investigate which algorithm gives the best result, when we
started the experiment, we have started it was oblivious that there is an imbalance in the data,
so we had to try the most common balancing techniques like resampling and SMOTE
(Naseriparsa, 2013), to get the most accurate performance and results, in this section we will
discuss the results from model point of view and how the data balance affected the

performance using the accuracy, recall, precision, F-1 score and ROC techniques.



71

For Random Forest, the results of Random Forest for the 3 disorders with imbalanced data
which can be found in the below table (4.2.1) show an overfitting as there are huge gaps
between the training and testing accuracy:

Table 4.2.1: Random Forest Results before resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 100% 100% 100%
Testing Accuracy 84% 76% 79%

During the hypertuning of the parameters using the grid search we have tweaked the
“n_estimators” which represent the number of decision trees that going to be used in the
forest, and “max_depth” is the number of splits that each decision tree is allowed to make,
the number of K-folds for cross-validation, the best values we have obtained from the grid
search was {'max_depth'": 20, 'n_estimators": 50} and applying the cross-validation during the
training phase, this has increased the testing accuracy from 84% to 95% for Depression, 76%
to 91% from Anxiety and from 79% to 97% for Stress as shown in table (4.2.2) which could
be considered as huge improvement, we can say then that Random Forrest could learn well
and also worked efficiently in the unseen data and hence the overfitting is no longer exists.

Besides the accuracy, The average precision for Random Forrest has improved also after
handling the imbalance issue, for Depression, as shown in table (4.1.4) it increased from 82%
to 95%, with average recall from 77% to 96% and average F1-score from 79% to 95%, for
Anxiety, as shown in table (4.1.9), The average precision has increased from 70% to 92%,
average recall also increased from 67% to 91% and average F-1 score changed from 67% to

91% and finally for Stress, the average precision as shown in figure (4.1.14) enhanced from
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78% to 97%, the average recall increased from 75% to 98% and the average F1-score changed
from 76% to 97%.

Table 4.2.2: Random Forest Results after resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 100% 99% 100%
Testing Accuracy 95% 91% 97%

Regarding Support Vector Machines(SVM), tables (4.2.3,4.2.4) represents the results before
and after the sampling, it is clear that SVM performance didn’t change in both cases, and it
could deal with imbalance perfectly with no over fitting and with the best accuracy, and that’s
is due to the nature of SVM where it tries to draw the hyper plane that divide the data between
multiple classes and doesn’t have issues with the minor number of instances as it help the
model to focus on the majority of the instances.

Table 4.2.3: SVM before resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 100% 100% 100%
Testing Accuracy 100% 100% 99%

We have done a grid search for SVM, to get the best performance by tweaking the parameters
“C” which is a regularization parameter that controls the trade-off between achieving a low
training error and a low testing error, and “Kernel” which is a crucial parameter that defines
the type of decision boundary used by the classifier common types used are linear which
implies that the data has the shape of linear data, polynomial, RBF, and sigmoid, and the best
values were {'C": 10, 'kernel": 'linear’} as we can see how much the accuracy has increased

for stress from 99% to 100%.
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Since there is no change in the results before and after the data resampling to resolve the
imbalance, and the classification accuracy is almost 100% for all cases this means that the
model didn’t misclassify that much of cases, and hence, the precision, recall and the F1-score

results that can be found in tables (4.1.5,4.1.10,4.1.15) didn’t change as well and also the

same.
Table 4.2.4: SVM after resampling

Accuracy/Disorder Depression Anxiety Stress

Training Accuracy 100% 100% 100%

Testing Accuracy 100% 100% 100%

After that K-Nearest Neighbors (KNN), instance-based learning, or lazy learning algorithm.
Unlike traditional machine learning algorithms that involve a training phase where a model
Is trained on a dataset, KNN does not explicitly "learn” a model during a training phase.
Instead, it memorizes the entire training dataset (Wang et al., n.d.), this model didn’t do well
with this dataset it has been worst results among the other algorithms In all disorders, which
could be due to the Curse of dimensionality since we have a big number of features which
make the task harder for KNN as the distances between data become uniform which makes
it harder for KNN to learn, the below tables (4.2.5,4.2.6) show how the accuracy changed
before and after the data resampling, and these tables show a small improvement in the
accuracy but still not competitor to the other models.

Table 4.2.5: KNN before resampling
Accuracy/Disorder Depression Anxiety Stress

Training Accuracy 76% 75% 79%
Testing Accuracy 71% 61% 65%
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The only parameter that can be tuned using the grid search in KNN is “n_neighbors” which
represents the number of neighbors, and the best value in this case was {'n_neighbors": 3}.

Table 4.2.6: KNN after resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 91% 90% 90%
Testing Accuracy 7% 79% 78%

The fourth algorithm in this study was the XGBoost, which considered the powerful
ensemble algorithms, the below tables (4.2.7,4.2.8) show the difference between the
performance of the model before and after resampling to resolve the imbalance issue, for
depression, the testing accuracy enhanced from 84% to 95%, while for Anxiety it improved
from 76% to 91% and also for Stress, there was an improvement from 80% to 96% from
these results shows that XGBoost improved after the resampling and the results was
impressive as in some cases overfitting was there and big gap between the training accuracy
and the testing accuracy was there, so that this was disappeared after the data resampling.

Table 4.2.7: XGBoost before resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 100% 100% 100%
Testing Accuracy 84% 76% 80%

XGBoost as an ensemble algorithm, which is based on the decision trees, the hypertuning
parameters are the same as for Random forest, where we tuned the “max_depth” and the
“n_estimators” and in this case, the best values for these parameters that gave the highest
accuracy were {'max_depth": 3, 'n_estimators. 200}which is different than the results in

Random forest as values due to the nature of XGBoost and the working mechanism.
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For the other metrics that can also evaluate the model performance, tables
(4.1.7,4.1.12,4.1.17) show how the improvement of the precision, recall, and F-score have
improved after the data balance has been applied, for Depression the average precision
improved from 81% to 95%, the average recall improved from 82% to 96% and the average
F-1 score also improved from 82% to 95%, for Anxiety, the average of precision improved
from 67% to 92%, the average recall improved from 68% to 90% and the average F-1 score
also improved from 67% to 91% for Stress, the average of precision improved from 77% to
97%, the average recall improved from 75% to 97% and the average F-1 score also improved
from 76% to 97%.

Table 4.2.8: XGBoost after resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 100% 100% 100%
Testing Accuracy 95% 91% 96%

The last algorithm is the Multi-Layer Perceptron(MLP) which is a neural network based
model, MLP obtained stable results before and after the resampling the difference wasn’t
significant, in some cases it did better before like in Depression it improved from 97% to
98% for Stress there was significant improve from 93% to 96% and in another case it did a
little worse like in the Anxiety it decreased from 89% to 96%, which implies that MLP can
handle the imbalance data, in general, it was one of the best models in both training and
testing accuracy, there was no overfitting nor underfitting the results can be shown in table

(4.2.9,4.2.10).
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Table 4.2.9: MLP before resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 100% 100% 100%
Testing Accuracy 97% 98% 93%

In MLP we have used the model with 3 layers, Input layer, Hidden layer, and Output layer,
a grid search has been done with the size of the hidden layer parameter “hidden_layer sizes”,
the activation function “activation” and the “max_iter” parameters, the best values obtained
for these parameters were “Best Parameters: {'activation: 'relu’, 'hidden_layer_sizes"
(64,),’max_iter’:’1000’}.

Table 4.2.10: MLP after resampling

Accuracy/Disorder Depression Anxiety Stress
Training Accuracy 100% 100% 100%
Testing Accuracy 98% 96% 96%

Additionally, if we check other metrics rather than accuracies like precision, recall, and F1-
score, the results in tables (4.1.8,4.1.13,4.1.18) show that for Depression, the average
precision, recall, and F1-score (98%,98%,98%) respectively, didn’t change which explains
the stability of the model and ability to handle imbalanced data. For Anxiety the average
precision before data balance was 97% and didn’t change after the resampling, the average
recall was also 97% and has been changed to 96% which means a slight change also the
average F1-score was 97% and has been changed to 96% which also implies slight change,
and this slight change happens because of some misclassification in some classes compared

to other classes.



77

The ROC curve is acommon indicator that is being used to compare and measure the model's
performance, and since we have a data set for each mental health disorder Depression,
Anxiety, and Stress, the figures (4.1.6,4.1.12,4.1.18) that show the ROC curve for the models
in each disorder respectively (Random Forest, SVM, KNN, XGBoost and MLP) before data
resampling and the figures (4.2.1,4.2.2,4.2.3) explains the ROC curve before data resampling
for the three disorders as well. For Depression, as shown in figure (4.2.2) before sampling
we can see that the MLP has 100% AUC which means the model has achieved a true positive
rate of 1 (sensitivity) and a false positive rate of 0, then Random Forest, XGBoost and SVM
has the AUC of 97% and last one is KNN with 94%, but in figure (4.1.6) which represent the
ROC after resampling, we can see that MLP still has the 100% AUC, then Random Forest
has improved to 100%, SVM and XGBoost has improved to 99% and KNN didn’t improve.

Micro-Averaged ROC Curve for All Models
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Figure 4.2.1: Anxiety ROC Curve before resampling
For Anxiety, as shown in figure (4.2.1) which shows the ROC curve for all models before

resampling, the MLP had the highest AUC with 99%, then XGBoost and SVM achieved
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95% after that the Random Forest gained 93% and the last one is KNN with 88%, if we
compare these results to figure (4.1.12) which represent the ROC after resampling, we can
see that MLP improved to 100%, Random Forest and XGBoost becomes 99% then SVM
achieved 97% and lastly KNN with 92%.

Micro-Averaged ROC Curve for All Models
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Figure 4.2.2: Depression ROC curve before resampling
The third disorder is Stress, as shown in Figure (4.2.3), before resampling, as in previous
cases MLP was the best in terms of the area under the curve (AUC) with 99%, then SVM,
Random Forest, and XGBoost with equal results of 95% and the least value for KNN with
91%, but after data resampling to balance the distribution of the classes among the data,
figure (4.1.18) shows that MLP improved slightly to become 100% area under the curve,
Random Forest also improved to become 100%, XGBoost also enhanced and resulted to

100% then SVM achieved 99% and last one was KNN with 93%.
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Micro-Averaged ROC Curve for All Models
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Figure 4.2.3: Stress ROC Curve before resampling

4.3 CHALLENGES AND LIMITATION

The main challenge in this study was the data collection, as mental health is sensitive topic
and people usually hesitate to frankly talk about their mental issues, also the local mental
health clinics don’t have digital records for their patients and if they have, they are very
careful to talk about it or share it, that’s why it was not easy to have much of real infected
cases in our data set, so in order to collect data from clinics is would take months to have

hundreds of cases.

The other challenge is lack of studies in integration mental health issues with machine
learning algorithms in the Arab world and especially in Palestine, which could be used to

build on top of it and compare the results.
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Chapter 5
Conclusion and Future Work

5.1 CONCLUSION

In recent years, the evolution of Artificial Intelligence and machine learning has significantly
enhanced the healthcare practices, which helps in automation of mental health diagnostics.
This study is about the application of machine learning algorithms for the early detection of
mental health disorders, specifically Depression, Anxiety, and Stress. The importance of
employing machine learning in mental health becomes evident as it facilitates personalized
diagnoses, enabling timely interventions for improved patient outcomes. Through the
utilization of sophisticated algorithms, this research aims to propose a new way of mental
health assessments, emphasizing the need for accurate predictions and classifications, also
collecting local mental health disorders (Depression, Anxiety and Stress) dataset in Palestine
which was used with machine learning algorithms, considered the first initiative in Palestine.
The experiment of different machine learning models, including Random Forest, Support
Vector Machines (SVM), K-Nearest Neighbors (KNN), XGBoost, and Multi-Layer
Perceptron (MLP), prove their effectiveness in analyzing datasets and achieving early
detection of mental health issues. The initial imbalance in the data makes it important to
implement resampling techniques, such as SMOTE, and resampling to enhance model
performance. The comparative analysis of these models proved their adaptability and

responsiveness to the complexities of mental health data.
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Each algorithm's performance metrics, including accuracy, precision, recall, and F1-score,
were evaluated and compared. It was obvious that SVM demonstrated the highest and
exceptional performance with almost 100% accuracy in all disorders before and after
resampling, and effectively handling imbalanced data with no overfitting. XGBoost and
Random Forest, as an ensemble algorithm, showed a significant improvement in accuracy
after resampling with (RF:95%, 91%, 97%) (XGBoost: 95%, 91%, 96%) for Depression,
Anxiety, and Stress respectively, aligning training and testing accuracy and showcasing its
robustness in handling mental health data analysis. Both algorithms initially exhibited signs
of overfitting with a significant gap between training and testing accuracy. However, after
hyperparameter tuning and resampling, its accuracy improved. MLP, a neural network-based
model, demonstrated stability and effectiveness before and after resampling with slight
improvement after resampling with no overfitting, with accuracy scores (98%, 96%, 96%)
for Depression, Anxiety, and Stress respectively. KNN showed the worst improvements in
accuracy after and before resampling with accuracy scores (77%, 79%, 78%) for Depression,
Anxiety, and Stress respectively.

In conclusion, the study conducted an in-depth analysis of machine learning algorithms
applied to datasets related to Depression, Anxiety, and Stress. The results are promising and
showed high accuracy which could be generalized and used as a tool for mental health early

detection for self-use.
52 RECOMMENDATIONS

The results show an exceptional performance of Support Vector Machines (SVM), with

almost 100% accuracy in all disorders both before and after resampling, and its ability to
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handle imbalanced data without overfitting showcases its robustness, it is recommended to
consider the using SVM in mental health diagnostics frameworks and Building an interactive
web and mobile application that call this model which helps individuals to use the machine
learning models to help them in self-diagnoses or enabling the therapists from using these
application which helps them in their diagnoses process.

On the contrary, the study revealed that K-Nearest Neighbors (KNN) result was the least
improvement in accuracy, both before and after resampling. It is advised to avoid considering
KNN for mental health diagnostics and explore alternative algorithms that could resulted in
better performance on imbalanced datasets. While machine learning models show promising
results, collaboration with mental health professionals is recommended, to have input from
their experience to make sure these results are aligned with the actual clinical perspective
and results. Their integration into mental health practices should be done in collaboration

with mental health professionals.

5.3 FUTURE WORK

This research considered the first Palestinian study in the field of using machine learning in
early detection of Mental health disorders especially Depression, Anxiety and Stress, using
local dataset, even though, there is still ways for enhancement and build on top of this, the
first thing that can be done is enhanced data collection, where it could be expanded to include
more diversity and wider range of demographic and cultural background instance, which can
lead to more robustness in generalization of these models, also more finetuning for the used

machine learning models or exploring more models which will lead to better accuracy or new
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trends in the data itself, the other thing that could be done, is more collaboration with mental
health experts in order to have better version of the data and corporation in the result analysis

and interpretation which could be lead to more insights that experts can judge .
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