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Abstract

Clinical Depression screening is one of the biggest challenges facing psychiatrists, due
to the long costly screening process and mental illness-related stigma that creates a
serious barrier to mental healthcare. As per World Health Organization (WHO), clinical
depression is widely spread and impacts over 264 million individuals around the world
and has a large effect on the annual global economy as the lost productivity is estimated
at $1 trillion. Therefore, the utilization of approved tested scales in screening, diagnosis,
and monitoring response to treatment is important to provide effective needed care.
Among the available self-assessment instruments, the Beck depression inventory-II
(BDI-1I) is one of the most extensively used screening questionnaires for clinical
depression. BDI-II, which has 21 categories, shows reliability in discriminating between
depressed and non-depressed subjects and identifying the depression severity. The
current BDI-II questions’ categories were defined in 1996 and have been updated by the
DSM-V diagnostic criteria for diagnosing mental health disorders. BDI-II categories
which have not been changed since then, are not statistically well divided into
independent clusters as they are based on semantically subjective and correlated
measures. These non-structured techniques have relatively low accuracy.

To help decrease the treatment gap, it's becoming important to use technology to
develop a depression screening application based on previously identified questions by
psychiatrists. In this context, natural language processing (NLP) techniques can provide
an efficient screening tool to predict clinical depression symptoms and their severity
among diagnosed patients. In this research project, we aim to utilize NLP techniques for
constructing a lexical-semantic network that enriches the BDI-1I questionnaire through

the exploitation of extrinsic resources, including WordNet, social media, and unified



medical language system (UMLS). The enrichment is represented by a reformulation of
the original questions and their order using semantically derived relationships from the
exploited extrinsic resources. Accordingly, we developed a bilingual screening tool
using Arabic and English languages to prove more accurate screening and severity
diagnosis to help provide the required mental and physical care and lead to efficacious
therapy. The tool is designed to be used by patients who can score the questionnaires
themselves without seeing a doctor, while the output network offers an immediate
utility that can be used by any other researchers who are studying clinical depression
symptoms and their impact in a patient-centric manner. In comparison with the current
question categories, the developed tool aims to make the screening process faster and
more reliable as it keeps only semantic types that are appropriate for clinical depression.
It also aims to increase the accuracy of the screening questionnaire by re-grouping the

questions that express the same medical semantics based on multiple clustering models.
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Chapter 1 - Introduction

1.1 Background

Clinical depression, which is known to be the “common cold” of the outpatients, is one
of the significant public health implications. Depressive disorders are complicated
neurobiological conditions that are accompanied by a slew of physiological and
cognitive problems. Numerous pathological features that are related to clinical
depression were identified in the recent decades (Kaltenboeck & Harmer, 2018).
Clinical depression is highly prevalent causing other psychological and physical
disorders. However, as patients experience different depressive symptoms ranging from
few and mild to many and severe, this makes it hard to screen and treat clinical
depression as each type requires different treatment approaches (Kanter et al., 2008;
Schaeffer & Jolles, 2019). Therefore, psychiatrists must be careful when screening and
diagnosing depression; especially that there are mixed features that can be present in
multiple disorders. In addition to that, depression usually causes other mental and
organic disorders that must be taken into consideration in treatment.

Unlike the normal emotion of depression, clinical depression that highly impacts the
patients’ quality of life is a serious mental disorder. Individuals with clinical depression
exhibit mixed features that can be present in multiple disorders, some of them can be
attributed to treatable organic causes. Symptoms of clinical depression vary from mild
to severe (Nawshad Farruque, 2020). Clinical depression shares features with multiple
disorders, hence, its definitive diagnosis requires expertise of medical professionals
using lengthy and manual clinical interviews (Douglas M. Maurer, 2018; Maurer et al.,

2018).



Taking a closer glance at the Palestinian community, it was found that the most frequent
psychiatric disorder comorbid with posttraumatic stress disorder (PTSD) is major
depression (Madianos et al., 2011), where PTSD develops in some people after
experiencing a psychological trauma. * Studies show that following the second Intifada
of 2000-2007, 68.9% of Palestinian adolescents in Gaza Strip had PTSD and 40%
suffered moderate or severe depression (Elbedour et al., 2007). With clinical depression
prevalence of more than 24% in the Palestinian community, (Madianos et al., 2012), it
is of utmost significance to develop automated tools for clinical depression screening to
increase screening rates and identify people with mental health concerns. As these high
numbers confirm that early detection and treatment of clinical depression is essential in
reducing the emotional burden of the disease, in this project we aim to introduce a
network that helps in screening for clinical depression on one hand, and link clinical
depression symptoms to other semantically relevant disorders on the other.

In addition to the variety of symptoms caused by clinical depression. Depressive
disorders also incur significant financial costs, including time away from work and
increased health care costs. The overall cost of depressive disorders that is annually
spent in the United States could surpass $40 billion. Suicide is the greatest to pay
(Kanter et al., 2008).

Depression screening is the essential for early detection, diagnosis, and treatment.
Depression screening for adults is advised, and it should be done using proper methods
to guarantee accurate diagnosis, successful treatment, and timely follow-up. All people
above the age of 18 should be screened regardless of their risk factors (Douglas M.

Maurer, 2018).

L https://www.nimh.nih.gov/health/topics/post-traumatic-stress-disorder-
ptsd#:~:text=Post%2Dtraumatic%20stress%20disorder%20(PTSD,danger%200r%20t0%20avoid%20it.



For depression screening, standardized, self-assessment screening questionnaires are
widely used (Sheehan & McGee, 2013). Since 1990, computerized screening for
depression has been available, with the potential large-scale population screening over
the internet. (Cronly et al., 2018). However, in some countries and languages, one of the
difficulties challenging depression screening is the lack of proper tools for objective and
systematic evaluation of depression (Kavasis et al., 2005). Many of the regularly used
tools for diagnosing clinical depression were developed prior to the fourth edition of the
diagnostic and statistical manual of mental illness (DSM-IV), while others were
modified to better cover the DSM-IV criteria (Beck et al., 1996). The lack of medical
knowledge resources and tools makes it difficult for healthcare professionals to screen
for clinical depression. As we are targeting the Palestinian society, we have focused our
efforts on clinical depression screening tools in Arabic language as well as English
language.

Despite the health burden of depression, it largely goes undiagnosed and undertreated.
Previous studies have shown that only 50% of people with diagnostic depression level
have received medication, therapy, or both. Also, among those who have received
treatment, only 25% are usually treated according to the recommended treatment
guidelines. Young adults are more likely to go undiagnosed and undertreated (Arnaez et
al., 2020).

Lack of perceived need for treatment, stigma, pessimism about treatment effectiveness,
lack of access to treatment owing to financial constraints, as well as other structural
barriers such as difficulty or inability to get an appointment are all thought to be
impediments to getting the appropriate mental health (Mojtabai et al., 2011). Many

people are unable to get the required treatment or seek appropriate healthcare due to



these and other issues. However, stigma is usually considered to be the prominent and
influential barrier towards getting treatment. When examining stigma, there are two
forms to explore: perceived stigma that is represented by the individual’s perceptions
about the public’s attitudes, and the internalized stigma that is represented by how an
individual applies these attitudes when having the stigmatizing condition (Dockery et
al., 2015; Gurung et al., 2022). Both types are barriers prevent people from obtaining
the needed mental health care. However, internalized stigma was found to be a stronger
barrier than perceived stigma (Clement et al., 2015; Corrigan et al., 2014).

Stigma affects people in a variety of ways, including an attitude barrier to obtaining
mental health treatment, the annoyance of addressing personal issues, embarrassment
over the fact of being in treatment, stereotyping, discrimination by local groups, and
reduced willingness to engage in mental health care (Vogel et al., 2011). Attitudes about
depression and seeking help are directly affected by cultural background (Brown et al.,
2010). In some communities, mental illness can be taken as a sign of an inherent flaw in
the family, while in other communities, it tends to view mental illness as a personal flaw
as it impedes their ability of being independent and achieving success without assistance
(Arnaez et al., 2020; Brown et al., 2010).

Screening tools for depression have flaws such as inaccurate results, the need for
repetitive examinations and further diagnostic measurements. Studies show that most
screening tools had low quality and applicability. Unlike the currently used depression
screening measures; self-administered screening tools should be short, easy to
administer, and score (Miller et al., 2021). When choosing a depression screening tool,
it’s crucial to consider performance as well as convenience of use. However, these

factors alone do not guarantee the tool’s efficacy. The effectiveness of a tool is



determined by whether it is acceptable to the general, and whether the benefits of the
screening provided by the tool to outweigh the risks (Colligan et al., 2020). As a result,
a highly accurate questionnaire with questions that are divided into well-defined
independent clusters is requires. A combination of NLP approaches, medical
information extraction and retrieval using extrinsic medical ontologies is presented to
address these difficulties.

It is known that NLP and the construction of medical knowledge resources have
recently become two important fields of medical artificial intelligence. Multiple
semantic resources and classification systems have been implemented in the medical
information processing domain during the last few years to solve various issue
(Reédtegui & Ratté, 2018) including: MetaMap?, a tool for mapping medical text into
unified medical language system (UMLS®) which is “a large-scale biomedical thesaurus
that provides specifications of biomedical knowledge”.

With the availability of medical information resources and modern NLP techniques, we
will offer a novel clinical depression screening tool in this project that will aid
healthcare professionals in detecting and treating people who have been diagnosed with
depression. To achieve this, we will integrate multiple NLP-based pipelines and medical
semantic resources to create a lexical semantic network that provides an analysis of the
relationships between the questions of Beck depression inventory-11 (BDI-II
questionnaire). This will facilitate the identification of organic causes of secondary

clinical depression and will make the screening process more precise and efficient.

2 https://metamap.nim.nih.gov/
3 https://www.nlm.nih.gov/research/umls/index.html
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The following is the structure of the rest of the chapter: the motivation behind this
project, a review of the literature and the main elements and characteristics of the

proposed system, research methodology, contributions, and thesis structure.

1.2 Motivations

The motivation for implementing this project is the urgent need of a fast and highly
accurate clinical depression measurement tool. Such tool helps in providing the
necessary treatment and psychological assistance to the patients to reduce depression-
related diseases and other side effects that depression may lead to, such as suicide or
living an abnormal social and work life. With the proposed enhancement of BDI-II
screening tool, we believe that we can contribute to improving the domain of depression
screening worldwide and across the Palestinian community by providing a bilingual

integrated medical knowledge based self-use screening tool.

1.3 Problem Statement and Research Questions

Depression screening is carried out using manual and computerized measures which
suffer from limitations that may lead to incorrect screening. One of the famous and
widely used measures is the BDI-11 assessment tool. Despite the BDI-validity 1I's and
reliability, the lack of well-established community-based depression screening measures
makes early detection problematic (Garcia-Batista et al., 2018). Therefore, in this
research project we aim to produce an updated set of reformulated questions in Arabic
and English that screen for clinical depression and establish links to other relevant

disorders.



We propose the research questions that we will study and address during our research
project to reach our goal as follows:

Q1: How are BDI-1I questions grouped and what other groupings of questions can be
suggested using NLP pipelines?

Q2: What are the relationships between BDI-II questions and existing categories, and
what relations can be extracted from extrinsic resources to enhance the questionnaire?
Q3: Will existing medical semantic resources be useful in reformulating the BDI-I1I
questionnaire, and if so, in what contexts (in terms of their conciseness and

rigorousness)?

1.4 Research Objectives and Methodology

In this research project, we aim to achieve the following objectives:

1- Designing and developing a bilingual clinical depression screening prototype that
exploits lexical semantic information encoded in existing medical knowledge resources.
2- Study the effectiveness of currently used questionnaires for the screening of clinical
depression and how they can be improved for more accurate and efficient results.

3- Establish linkages between clinical depression symptoms and other disorders that are
not explicitly addressed by the current screening methods/approaches.

To achieve our research objectives; the following steps were carried out during our

research work:

1.4.1 NLP Pipeline Construction
In the pre-processing phase, we have applied a multi-level NLP pipeline on BDI-II
questions. The pre-processing phase included text cleaning, case-folding, contractions

expansion, special characters removal, tokenization, and lemmatization. Based on



WordNet n-grams algorithms, original questions of BDI-II questionnaire didn’t consist
of any bi or trigrams. Thus, the text was tokenized into single tokens. Then, text was
enriched by a semantically related set of terms using UMLS metathesaurus and
WordNet to find relations of synonymy, meronymy and hypernymy between the
original terms of the BDI-II questionnaire and the expanded set of terms of UMLS. The
relationships were then used to build a lexical semantic network (Dancygier, 2017). In
addition to the UMLS metathesaurus, e-Risk 2021 dataset* was also used to enrich our
set of terms by adding the most frequently used terms by people screened with clinical
depression on their social media accounts. More details about our NLP pipeline are

provided in chapters 3 and 4.

1.4.2 Term Expansion Using Wordnet, UMLS and Other Extrinsic Resources

As our research project aims to reformulate the currently used questions in BDI-II; we
have used extrinsic resources for enriching and enhancing the terms used in formulating
the questions. For that we have used the e-Risk 2020 dataset which consists of a
collection of posts that people diagnosed with clinical depression posted on their social
media accounts. In addition to that, we have browsed the UMLS metathesaurus for
retrieving semantic relationships between BDI-I1 questions and other questions in the
metathesaurus. This provided us with an expanded set of terms that was then re-
expanded using synonymy, meronymy, and hypernymy relationships from WordNet.
The final output was then represented using a knowledge graph which was visualized in

Python using NetworkX? library. Additional details are discussed in Chapters 3 and 4.

4 https://erisk.irlab.org/2021/index.html

> https://networkx.org/
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1.4.3 Feature Extraction and Representation

For feature extraction and textual representation for BDI-II text, we used various
approaches, such as the Bag of Words, TF-IDF and N-grams. These approaches can
handle individual words, but do not reflect the relationship among the words, structure,
and semantics.® Based on the terms’ frequency and the Bag of Words that represents the
intersection between BDI-II terms, the UMLS expansion terms and the social media
used terms by patients diagnosed by clinical depression. These terms are used to
construct a lexical semantic network which represents semantic relations among the
terms. The strategies for feature extraction and representation are discussed in depth in

Chapters 3 and 4.

1.4.4 Overlapping Questions Detection and Terms’ re-weighing

Several overlapping terms developed from the terms’ expansion of BDI-11 using UMLS
and social media. We used a term re-weighting technique to identify questions with the
same semantic expression in order to eliminate question redundancy. Weights for these
questions are re-assigned based on their frequency and overlap in multiple extrinsic
resources. The new weights are taken into consideration for reformulating the existing
questions of BDI-II gquestionnaire, where terms that express the semantic relationship
are grouped under the same class. Each class represents a category of questions in the
questionnaire. The reformulated questionnaire is then presented to psychiatrists and
experts to assess the possibility of using the formulated questions for clinical depression

screening. Further details are discussed in Chapters 3 and 4.

6 https://medium.com/cloudzone/latest-state-of-the-art-models-for-text-representation-feature-
extraction-and-text-classification-d821248f0e5c



https://medium.com/cloudzone/latest-state-of-the-art-models-for-text-representation-feature-extraction-and-text-classification-d821248f0e5c
https://medium.com/cloudzone/latest-state-of-the-art-models-for-text-representation-feature-extraction-and-text-classification-d821248f0e5c
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1.4.5 Topic Modeling and BDI-11 Questions Clustering Techniques

Multiple unsupervised machine learning models were used to cluster BDI-1I questions
into more compact and semantically relevant groups. First, we have developed a lexical
semantic network that uses synonymy, hypernymy, meronymy and medical semantic
relationships to link n-gram tokens from both the text extracted from questions and the
text extracted from medical extrinsic resources. To represent the knowledge graph,
NetworkX library in Python was used. Second, we employed multiple clustering
techniques including K-Means’ and TF-IDF® using Scikit-learn® machine learning
library to recategorize similar questions into different groups. The purpose of topic
modeling is to show how utilizing of medical knowledge resources can improve the

quality of such clustering approaches.

1.4.6 Questions’ Reformulation

After identifying relationships between terms in BDI-1I questions. An expansion of
terms is presented by creating a larger set of terms using extrinsic resources such as
WordNet to retrieve terms with synonymy, hypernymy and meronymy relationships,
UMLS metathesaurus to retrieve terms with medical semantic relationships and e-Risk
2020 dataset to retrieve terms that are usually used by people that are diagnosed with
clinical depression on their social media accounts. The Bag of Words Model is then
applied to identify the most frequent terms in each of the datasets as it provides a

vectorization of counts of number of occurrences of a word in a text. The most frequent

7 https://towardsdatascience.com/k-means-clustering-algorithm-applications-evaluation-methods-and-
drawbacks-aa03e644b48a

8 https://medium.com/@MSalnikov/text-clustering-with-k-means-and-tf-idf-f099bcf95183

% https://scikit-learn.org/
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terms are then used for questions’ reformulation based on these terms’ relationships

with the original BDI-II questions’ terms.

1.4.7 Results Evaluation

Several accuracy metrics are used to evaluate the resulting clusters of the various
approaches. We used each of the proposed models to re-categorize items based on the
original BDI-1l topic and scoring data. We compared the produced models in a
comparative analysis. Aside from the comparison analysis, the newly given terms from
the extended network are also utilized to improve the terms in the e-Risk 2020 dataset
and to investigate the impact of adding these terms on the accuracy of sentiment
analysis models used to that dataset. Additional details about the developed models are

proposed in Chapters 3 & 4.

1.5 Contributions

We used each of the proposed models to re-categorize items based on the original BDI-II topic
and scoring data. We compared the produced models in a comparative analysis. Aside from the
comparison analysis, the newly given terms from the extended network are also utilized to
improve the terms in the e-Risk 2020 dataset and to investigate the impact of adding these terms

on the accuracy of sentiment analysis models used to that dataset.

1.6 Thesis Structure

The following is how the rest of the thesis is organized: We present a background on
clinical depression, screening techniques, lexical semantic networks, and medical
knowledge sources in Chapter 2. In addition to that, we discussed related studies of

existing analysis of the BDI-11 questionnaire and other screening tools. In Chapter 3, we
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provide an overview of our proposed approach as well as an overview of the system
architecture, while Chapter 4 provides a full discussion of the approaches used. The
experimental work done during this project, as well as an evaluation of the approaches,

are presented in Chapter 5. Finally, Chapter 6 discusses the conclusion and future work.



13

Chapter 2 - Literature Review

2.1 Background

Clinical depression is “the more-severe form of depression, also known as major
depression or major depressive disorder”. Clinical depression is a serious mental
disorder that has a significant effect on the patients’ quality of life. It affects their work,
relationships, and education (Levis et al., 2019). According to data, the number of
people suffering from depression has increased by 18 percent in the last decade, with
female patients accounting for a far higher percentage than males (Geetanjali Sharma,
2021).

Clinical depression is seen as a neuropsychiatric aliment by the general public and the
mainstream media (Ann M. Schaeffer, 2019). Due to multiple reasons, ranging from
social stigma to just ignorance; most people who suffer from depression don’t
acknowledge it (Nawshad Farruque, 2020). Furthermore, patients might feel depression
in a variety of ways. Some people experience a few minor symptoms, while others have
a lot of them. Clinical depression is the term used when a patient's symptoms have
progressed to the point that they seek professional help.

Each form of clinical depression, and its subypes, require different treatment
approaches. Therefore, psychiatrists must be careful when screening and diagnosing
depression; taking into consideration that mixed features can be present in multiple
diseases. In addition to that, clinical depression usually causes other mental and physical
problems that must be taken into consideration in treatment (Savoy & O'Gurek, 2016).
For screening mental disorders, there are professional checklists and screening tools that
are used by clinicals and psychiatrists. Some ask direct questions while others are based

on a numerical scale to tell whether the person is depressed or not, and the severity of
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their depression. However, symptoms might be overlooked to be caused by other
medical conditions (Brooke Levis, 2019).

There are numerous tests and scales that can be used by clinicians for screening and
diagnosing clinical depression, and therefore developing treatment plans (Douglas M.
Maurer, 2018). However, the currently used methods are costly, and time consuming. In
addition to that, tests’ scores might not always be reliable (Guillot-Valdés et al., 2019).
Some patients might be embarrassed by their symptoms and might not respond
accurately to minimize their score. Other patients might be afraid that the clinician
might underestimate their suffering, so they exaggerate with their answers (Eack et al.,
2006).

In addition to a variety of screening techniques and approaches, the Beck depression
inventory Il (BDI-II) is a well-known and commonly used instrument for assessing
depression in clinical practice. Recent studies support the validity and reliability of
BDI-Il (Calvo et al., 2017) (Savoy & O'Gurek, 2016). However, more research is
needed to see if the BDI-Il can distinguish between depressed and non-depressed

people. Furthermore, the BDI-11 may be subject to social desirability bias.

2.2 Clinical Depression: Factors and Causes

Clinical depression can strike at any age, but it is more common in adults. It is now
recognized that it can affect children and teenagers as well. Other major medical
illnesses, such as cancer, diabetes, and heart disease, can coexist with depression. These
conditions usually become worse when the patient also suffers from depression.

Medications used to treat these aliments can have negative side effects that contribute to
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depression. Only doctors who have dealt with these types of illnesses before may advise

on the best treatment options.*°

Sometimes there is a trigger for depression. Risk factors include:

Genetics.

Brain chemistry.

Poor nutrition.

Depression in the medical history of the individual or his/her family.
Major changes in lifestyle, trauma, or stress.

Certain medical conditions or drugs.!

2.3 Symptoms and Effects of Clinical Depression

Clinical depression symptoms vary depending on the severity of depression. In addition

to physical and mental problems, clinical depression may affect the patient’s social and

work lifestyles. Signs and Symptoms of depression may include:

Feelings of sadness, tearfulness, emptiness, or hopelessness.

Anger, frustration, or irritability.

Loss of interest or pleasure in almost all normal/usual activities, such as sports,
hobbies, and sex.

Disturbances in sleep.

Tiredness and lack of energy.

Changes in appetite and losing or gaining weight.

Anxiety, agitation, or restlessness.

Feelings of worthlessness or guilt.

10 https://www.nimh.nih.gov/health/topics/depression
1 https://www.verywellmind.com/common-causes-of-depression-1066772



16

e Fixating on past failures or blaming self.
e Persistent thoughts of death, suicidal thoughts, suicidal attempts, or suicide.

e Physical difficulties that are not explained, such as back pain or headaches.*?

2.4 Screening and Diagnosis of Clinical Depression

All persons over the age of 18 should be screened for clinical depression, regardless of
risk factors. Screening for clinical depression can be performed using assessment tools
such as commonly used screening questionnaires like patient health questionnaire-2
(PHQ-2), patient health questionnaire-9 (PHQ-9) and Beck depression inventory-II
(BDI-11). Measurement tools assess various symptoms of depression. Each question
carries a specific numeric value which is then added up to determine if symptoms cross
the threshold of clinical significance and its severity. Depression screening tools have
been translated into multiple languages and are widely used by psychiatrists and by
patients for self-assessment.'® If the screening is positive, a psychiatrist should confirm
the diagnosis using criteria from the Diagnostic and Statistical Manual of Mental
Disorders, Fifth Edition (DSM5). Other mental health diseases should be examined if

symptoms do not fulfill the depression diagnosis criteria (Douglas M. Maurer, 2018).

12 https://www.mayoclinic.org/diseases-conditions/depression/expert-answers/clinical-depression/fag-
20057770
13 https://mshp.mountsinai.org/web/mshp/blog-barriers-to-screening-for-depression
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Table 1: Summary of Commonly Used Depression Screening Measures

Measure Items Scale Range | Recall Period Time to complete
PHQ9 9 4-point 0-27 Last 2 weeks < 3 minutes
CES-DP® 20 4-point 0-60 Past week 10 minutes
GDS-15%° 15 Yes or no 0-15 Past week 2-5 minutes
SCL-90-DY" |16 5-point 16-80 | Past 7 days < 5 minutes
HADS-D?8 7 4-point 0-21 Past 7 days < 3 minutes
BDI-II° 21 4-point 0-63 Last 2 weeks 5-10 minutes

2.5 Beck Depression Inventory Screening Tool

The Beck depression inventory (BDI) “is one of the most widely used depression

screening tools for measuring the severity of depression in both adults and adolescents

over the age of 13”2, The inventory is composed of items related to depressive

symptoms such as: cognitions, physical symptoms, hopelessness and irritability.

The BDI is available in two versions: the original BDI (BDI-I1A), which was initially

published in 1961 and later revised in 1971, and the BDI-II, which was published in

1996 and was developed to correlate with the DSM?!-1V criteria for depression.

14 https://patient.info/doctor/patient-health-questionnaire-phg-9
5 https://cesd-r.com/

16 https://patient.info/doctor/geriatric-depression-scale-gds
7 https://bmcpsychiatry.biomedcentral.com/articles/10.1186/s12888-016-1014-3

18 https://academic.oup.com/occmed/article/64/5/393/1436876

19 https://strokengine.ca/en/assessments/beck-depression-inventory-bdi-bdi-ii/
20 https://www.pearsonclinical.com.au/products/view/39

21 https://psychiatry.org/psychiatrists/practice/dsm
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2.5.1 Features of the Measures for BDI-I1

The BDI-II is a 21-item questionnaire that assesses symptoms and attitudes related to
depression. The BDI-11 replaced four elements from the original BDI (weight loss, body
Image change, somatic preoccupation, and work difficulty) with four new ones
(agitation, worthlessness, concentration difficulty, and loss of energy).

Based on the last two weeks, the respondent must recollect the significance of each
statement relative to: sadness, pessimism, past failure, loss of pleasure, guilty feelings,
punishment feelings, self-dislike, self-criticalness, suicidal thoughts or wishes, crying,
agitation, loss of interest, indecisiveness, worthlessness, loss of energy, changes in
sleeping patterns, irritability, changes in appetite, concentration, tiredness or fatigue,

and loss of interest in sex!®.

2.5.2 Training, Scoring and Time Required
The BDI was originally intended to be given by a trained interviewer. The BDI, on the
other hand, is now widely self-administered due to its short length and ease of use. To
understand the questions, patients must be able to grasp spoken or written English and
have a reading ability of fifth to sixth grade??.
Each BDI-II item is scored on a severity scale ranging from 0-3, with a total score

ranging from 0-63:

22 https://www.apa.org/pi/about/publications/caregivers/practice-settings/assessment/tools/beck-
depression
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Table 2: BDI-II Scoring Table

Score Depression Severity

0-13 None or minimal range depression
14-19 Mild depression

20-28 Moderate depression

29-63 Severe depression

When self-administered, the BDI takes 5-10 minutes to complete, and 15 minutes when
administered by an interviewer?. The questions are asked over the course of two weeks,

including today, rather than the previous week as in the original BDI.

2.5.3 Translations

The BDI measure is available in multiple languages. The questionnaire was translated
into the following languages with validation: Arabic, Chinese, Dutch, Finnish, French,
German, Japanese, Persian, Polish, Portuguese, Spanish, Serbo — Croatian, Swedish,
and Turkish. While it was translated into the following languages without validation:

Cambodian, Italian, Korean, and Xhosa.

2.5.4 Pros and Cons of Using BDI-11
Pros:
1. The BDI-II is commonly used and approved symptomatology as a tool for
depression.
2. The BDI-II can be given orally by an examiner to people who have difficulty

with reading or concentrating.

3 https://onlinelibrary.wiley.com/doi/epdf/10.1002/art.11410
24 https://www.nctsn.org/measures/beck-depression-inventory-second-edition
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The BDI-II is user-friendly; it is easy to administer and score.

It has been translated into a variety of languages other than English, and its
psychometric properties have been demonstrated in multiple cultural groups
including the deaf community.

The BDI-II is state-related depression assessment tool that can be used as a short
weekly screening tool before therapy sessions.

The tool has been demonstrated to be useful in detecting changes in treatment

outcome studies.

Underreporting and overreporting are conceivable due to BDI-I1’s validity.
People with a poor level of education, as well as some Spanish speakers, may
struggle with the response structure.

The method of determining the cut scores may lead to more false positives or
overdiagnoses of depression among people.

Some questions ask the respondent to compare their current situation to a
previous one (e.g., than usual, as ever). Individuals who have experienced
chronic trauma since childhood may circle a zero because they do not feel any
worse than “usual”.

The normative sample is mostly made up of white people (91%).

The norms were acquired with adults, even though the measure can be used for
teenagers.

In the United States, the bulk of psychometric research with teenagers have used

largely Caucasian samples and have excluded huge numbers of people from
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lower socio-economic backgrounds. More research on the BDI-II with various

groups of teenagers is needed.

2.5.5 Arabic Version of BDI-I1

The BDI-11 Arabic version is a 21-item questionnaire that assesses the intensity of self-
reported depression during the previous two weeks. It relates to the DSM-IV criteria for
the diagnosis of depressive disorders. The items are scored on a 4-point scale ranging
from O to 3, similar to the original English edition of the BDI-II. Dr. Ghareeb (Ghareeb,
2000) produced the Arabic version, and psychometric properties were tested in 17
Arabic nations. In Arabic countries, they found the BDI-II to have acceptable validity
and reliability. In these countries, Alpha Cronbach's coefficients ranged from 0.82 to

0.93 (Alansari, 2005) (Rahat et al., 2012).

2.6 Barriers and Challenges to Screening for Depression

Clinical depression, as well as other mental and psychological diseases suffer from
multiple barriers and interventions. These barriers include stigmatization, acceptance,
financial burden, lack of awareness, lack of geographical access, religious and
sociocultural impacts. These and other barriers prevent the patients from accessing
mental health services. In addition to that, gossip and social visibility within the
community have been shown to increase stigma and social exclusion of psychiatric

patients (Ko et al., 2013).

2.7 Semantic Relations in Natural Language Processing
Natural language processing (NLP) and neural network-based representations have

advanced quickly in recent years, particularly in the field of word representations.
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Semantic relations represent the meaningful associations between words in different
domains. In the medical domain, a semantic relation represents the prevalent relations
between medical terms. With the advancement of technology in the medical field, many
medical concepts, and the relationships between them have been encoded in medical
ontologies that represent controlled vocabularies (Chen et al., 2018).

The investigation of relations between symptoms in the medical field provides a clear
understanding of the meaning of these symptoms. Therefore, this facilitates clinical
decision making based on the ontological representation. Table 3 below provides a
summary of previously discussed approaches for semantically enhanced clustering

techniques. In the table, we highlighted the main features of each approach.

Table 3: Semantically Enhanced Clustering Approaches

Approach Category Used Techniques
Clustering of semantically 1. Neural-based e Bisecting K-means
enriched short texts distributional model clustering
(Kozlowski, M. & H. 2. External knowledge e Suffix Tree Clustering
Rybinski, 2019) resources (STC)

e Lingo

e SenseSearcher algorithm

(SnS)

Text Mining in Biomedical | Concept-based clustering e Knowledge extraction
Domain with Emphasis on from biomedical literature.
Document Clustering e K-Means clustering
(Renganathan,V. , 2017)
Concept embedding based | Concept-based clustering e Concept Extraction
weighting scheme for e Concept Embedding
biomedical text clustering and Generation

visualization (Luo, X. & S. e Document Representation
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Shah,2018) e K-Means clustering
Clustering of biomedical | Ontology-based clustering e Token and phrase
documents using ontology- identification using n-gram
based TF-IGM  enriched e Enriched semantic
semantic smoothing model smoothing model

for telemedicine applications e Mesh ontology

(Sandhiya, R. & M. e K-Means clustering
Sundarambal 2019)

2.8 The Unified Medical Language System (UMLYS)

The United States National Library of Medicine (NLM) has developed the unified
medical language system (UMLS) to unify various authoritative biomedical source
terminologies into a unified knowledge representation.?

The Metathesaurus is a “multi-purpose, multi-lingual vocabulary database that contains
information on biomedical and health related concepts, their names, and the
relationships among them”. The Metathesaurus is a collection of electronic versions of
thesauri, classifications, code sets, and lists of controlled terms used in patient care,
billing, public health, statistics, indexing and cataloging biomedical literature, and basic,
clinical, and health services research.?

The UMLS metathesaurus allows us to contrast knowledge graphs to represent the
medical terms in depression screening questionnaires which helps in extending the
original terms with additional lexical semantically related terms that are acquired from

the used knowledge graph.

2 http://www.nlm.nih.gov/research/umls/about_umls.html
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2.9 Summary

We've covered the basics of clinical depression, its symptoms, factors and causes, screening
techniques, and hurdles to depression screening and treatment in this chapter. In addition, we
provided an overview of the usage of Natural Language Processing in the medical domain and
the representation of semantic relations, as well as the Unified Medical Language System,
which would be utilized as the metathesaurus in our proposed strategy to enrich the BDI-II
questionnaire. There is a substantial amount of research on clinical depression screening.
However, there is a lack of work in the field of textual enrichment utilizing NLP and lexical

semantic knowledge graphs for depression screening, and this needs to be addressed to close the

gap.



25

Chapter 3 - System Overview

As depicted by Figure 1, we introduce a high-level overview of the steps of our
proposed method. The first input is the text of Beck Depression Inventory Questionnaire
(BDI-11). The questionnaire consists of 21 questions aiming to measure the severity of
depressive symptoms, assessing the intensity of depression in psychiatric and normal
populations, ages 13 and above (Gebrie, 2018). Using Python, text pre-processing and
analysis was performed to have a better understanding of the BDI-II questionnaire by
analyzing unique terms used in this questionnaire, the labels given to the questions and
the weight of the words used in formulating these questions. After having an overview
of the input questionnaire; extrinsic databases like WordNet and UMLS Metathesaurus
are used to create a lexical semantic network by providing the related semantic
relationship between these questions and recategorizing them into new clusters using
multiple clustering techniques. The final output is a reformulated depression screening
questionnaire that depends on the output lexical semantic network obtained from the

relationship network created from UMLS Metathesaurus and BDI-11 Questionnaire.

N . 3. Output Lexical
2.Relationship extraction Semantic network

from clinical text 4. Outpu{ Reformulgred
1. Text preprocessing databases and existing Depre.sswn _Screenmg
and analysis onfologies Questionnaire

Reformulated
Tand ofher N Depression

\ . ‘
¢ resources / =N Screening

WordN

Text Preprocessing NS
extrinsi

and Analysis

BDI ||
Questionnaire

¢ * . Questionnaire

UmMLS
Metathesaurus

Figure 1: Steps for Reformulating the BDI-Il Screening Questionnaire
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3.1 System Architecture

In this project, we have constructed a lexical semantic network to represent the
relationships linking between BDI-11 original terms to their semantically related medical
terms that have been deducted from UMLS metathesaurus. To accomplish this task, we
have created an expanded Bag-of-Words based on the new terms obtained from the
expanded network using UMLS, along with the use of e-Risk dataset to expand our
network by terms that are commonly used by people screened with clinical depression
on their social media. The new expansion of terms was then used to construct the lexical
semantic network using WordNet to identify the relationships between the terms such as
synonymy, meronymy and hypernymy. In addition to that, we have utilized multiple
pre-trained NLP language models to re-categorize the questions by clustering them into
new clusters using multiple clustering techniques such as TF-IDF and K-Means. After
identifying the new clusters, we have reformulated the questions by enhancing them
using the output BoW that we got after the terms’ expansion and questions were re-
ordered based on the weight of the words as per their usage in the extrinsic resources
used in this project. Figure 2 describes the overall architecture of the proposed
techniques. As it shows, the input questionnaire is processed using NLP pipeline that
includes text normalization, punctuations removal, tokenization, and lemmatization. The
output of the pipeline is then used to enrich the text by expanding these terms and
extracting the relationships among them from extrinsic medical and lexical resources
including WordNet, e-Risk, and UMLS. The extracted relationships are used to create a
lexical semantic network that enriches the terminology of the original questionnaire.
This network is used to reformulate the questions based on the weight given to each of

the terms in the network depending on their occurrences in the original versus the
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expanded terms. The questions of the original questionnaire are also re-categorized into
new set of categories based on the results of K-Means and TF-IDF clustering models.
The final output of the proposed system is a new categorization of the original BDI-II

questions after being reformulated and enriched with new terminologies.

P ™

:>| Normalization Punctuations removal Tokenization Lemmatization P
[ A I "
Extrinsic
Resources|

Input EDI-1I
Questionnaire

Questions h
Expansion ) Semantic Lexical Metwork —

Clustering BDI-Il Questions
N
.7 .7 ::> Questions
q Reformulation
| W

Figure 2: System Architecture

3.2 NLP Pipeline: Step-by-step

The general NLP pipeline normally comprises three main stages: text processing,
feature extraction, and modeling. As unstructured data, the input questions of BDI-II
questionnaire, was required to go through a multi-level NLP pipeline. During data pre-
processing, and as any NLP solution, our solution consists of several components that
are chronologically ordered, including handling acronyms and abbreviations, tokenizers,

lemmatizers, and others as clarified below:

Input Output
i terms
Removing feel, time,
BDI-Il 3 Case Expanding h
L ) : ! . o _m P y unhappy,
questionnaire folding contractions Special Tokenization ) )Lemmatization - discouraged,
Characters future, failure,
particularly

Figure 3: NLP pipeline step-by-step
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The following sections provide more details about each of these steps and how they are

applied in our project.

3.2.1 Case-folding

Case-folding is a common strategy in an NLP pipeline by which all letters are reduced
to lowercase. Case-folding aims to simplify the text and maintain its consistency and
reduce the impact of the differences among tokens during the NLP tasks. The simplest
heuristic is to convert all words at the beginning of the sentences to lowercase words.
However, it is also important to take into consideration that some words must remain
capitalized — usually mid-sentence capitalized words —. 26 Case-folding was used as the
first step of our NLP pipeline to pre-process BDI-Il questions as part of text
normalization, by lower casing all of the questionnaire's tokens, regardless of their
category, so that superficial differences between tokens have no impact on the quality of

clustering technigues.

Before Lowercasing:

0 Ido not feel sad.

1 | feel sad much of the time.
2 |l am sad all the time.

3 I am so sad or unhappy that I can’t stand it.

After Lowercasing:
0 ido not feel sad.
1 i feel sad much of the time.
2 iam sad all the time.
3

i am so sad or unhappy that i can’t stand it.

26 https://nlp.stanford.edu/IR-book/html/htmledition/capitalizationcase-folding-1.html
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3.2.2 Contraction Expansion

Contraction words or combinations of words that are shortened by deleting letters or
substituting them with an apostrophe are called. English Contractions are often created
by removing one of the vowels from the word.?” As part of data pre-processing of BDI-
IT questions, contractions’ expansion is applied to reduce the number of meaningless
punctuation and allow better identification of stop words to evaluate their weights

among other tokens in BDI-II.

Before Expanding Contractions:
3 iamso sad or unhappy that i can’t stand it.

0 idon’tfeel i am being punished.

After Expanding Contractions:

3 iamso sad or unhappy that i cannot stand it.

0 idonot feel i am being punished.

3.2.3 Special Characters Removal

As part of cleaning the textual data of BDI-1I, regular expressions (regexes) are used to
remove all numeric and non-alphanumeric characters (punctuations and special
characters) which add extra noise in the unstructured data. In addition to special

characters, white spaces at the beginning and at the end of the string are also removed.?

Before Removing Special Characters and white spaces:
1 i have thoughts of killing myself, but i would not carry them out.
2 iwould like to kill myself.

After Removing Special Characters and white spaces:
I have thoughts of killing myself but i would not carry them out

i would like to kill myself

27 https://www.geeksforgeeks.org/nlp-expand-contractions-in-text-processing/
28 https://towardsdatascience.com/nlp-building-text-cleanup-and-preprocessing-pipeline-
ebad095245a0
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3.2.4 Tokenization

Tokenization “is a common task in NLP in which a text is separated into smaller units
called tokens. Tokens can be either words, characters or subwords”.?® However, we may
utilize the tokenization methods to tokenize into n-grams (word sequences), where n is
the number of words we want to capture in each n-gram.

After cleaning BDI-II text of all the characters that may cause noise in later stages, text
is then tokenized to allow further analysis on the weight of the tokens and their usage in
each of the categories. These tokens are later used to enhance the questionnaire by using

them for terms’ expansion from multiple extrinsic resources.

Before Tokenization:
I am so restless or agitated that i have to keep moving or doing something
I have not lost interest in other people or activities

I am less interested in other people or things than before

After Tokenization:
I, am, so, restless, or, agitated, that, i, have, to, keep, moving, or, doing, something
I, have, not, lost, interest, in, other, people, or, activities

I, am, less, interested, in, other, people, or, things, than, before

3.2.5 Stop Word Removal

Stop words aren't really crucial in a text. Each programming language has its own set of
stop words that must be used. Because stop words are the most prevalent words in any
language and don't offer much information to the text, they are usually filtered out. We
remove the low-level information from our text by removing stop words, allowing us to

focus more on the most crucial information.’

2 analyticsvidhya.com/blog/2020/05/what-is-tokenization-nlp/
30 https://bookdown.org/Maxine/tidy-text-mining/tokenizing-by-n-gram.html
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Stop word removal reduces the size of a dataset. As a result of the reduced amount of
tokens engaged in the training, the training time is reduced. However, in some cases
stop words are not removed from the text. This usually depends on the type of task we
are performing on the data and the goal that we want to achieve.!

After identifying the set of tokens that we have in BDI-II questionnaire, stop words
removal is then applied on the questionnaire’s tokens to emphasize the weight of the

rest of the tokens and use them for terms expansion.

Before Stop Words Removal:
I, am, so, restless, or, agitated, that, i, have, to, keep, moving, or, doing, something
I, have, not, lost, interest, in, other, people, or, activities

I, am, less, interested, in, other, people, or, things, than, before

After Stop Words Removal:
restless, agitated, keep, moving, something
lost, interest, people, activities

less, interested, things

3.2.6 Stemming

Stemming is “a natural language processing technique that reduces inflection in words
to their root forms such as mapping a group of words to the same stem even if the stem
itself is not a valid word in language”.3> As part of text pre-processing, multiple

stemming techniques are applied to BDI-11 tokens to get the stem of each of the tokens.

31 https://towardsdatascience.com/text-pre-processing-stop-words-removal-using-different-libraries-
f20bac19929a
32 https://www.datacamp.com/community/tutorials/stemming-lemmatization-python
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Porter Stemmer which was invented by Martin Porter in 1980 has five steps of word

reduction. The original stemmer, the Porter Stemmer, is noted for its ease of use and

speed. Porter Stemmer's output is typically a shorter word with the same basic

meaning.®

Lancaster Stemmer

Lancaster Stemmer is a simple tool; however it frequently yields excessive stemming

results. Stems that have been over-stemming become non-linguistic or nonsensical.®

Word Porter Stemmer Lancaster Stemmer
feel feel feel

time time tim
unhappy unhappi unhappy
discouraged discourag disco
future futur fut
failure failur fail
particularly particularli particul
irritable irrit irrit
concentrate concentr cont
completely complet complet

3.2.7 Lemmatization

Lemmatization, unlike stemming, appropriately lowers inflected words, ensuring that

the base word belongs to the language. The root word is called “lemma”.” As part of text

33 https://www.analyticsvidhya.com/blog/2021/11/an-introduction-to-stemming-in-natural-language-

processing/
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pre-processing, lemmatizing techniques are applied to BDI-II tokens to get the lemma

of each of the tokens.

Word Wordnet Lemmatizer
feel feel

time time

unhappy unhappy

discouraged

discouraged

future future
failure failure
particularly particularly
irritable irritable
concentrate concentrate
completely completely

3.3 Sentiment Analysis

Sentiment Analysis is a method that provides automated extraction of opinions and
sentiments from text. Machine learning provides multiple sentiment classifications that
are based on the context of documents. However, with machine learning approaches, it
is difficult to determine the sentiment of text if the text contains sentiment lexicons with
contrast sentiment. (Chong et al., 2014)

Sentiment Analysis, which mainly relies on Natural Language Processing techniques,
allows researchers and scientists to examine text from a variety of sources. The most
basic use of sentiment analysis is to collect people's thoughts on a certain topic.

Sentiment analysis, like stop words, is based on a collection of predetermined terms that
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describe the writer's impression. People's opinions are divided into three categories:
negative, neutral, and favorable (Rajput, 2020).

In BDI-I1 questionnaire, sentiment analysis helps in identifying the sentiment classes to
which each of the tokens belong. This allows better understanding of the nature of the
tokens in the questionnaire and how to apply terms’ expansion in each of the sentiment
classes, especially when comparing to the list of tokens used in eRisk dataset as the
terms from that dataset are retrieved after applying several sentiment analysis

techniques on the data.

Questions Sentiment
I do not feel sad. Neutral
| am sad all the time. Negative

I get as much pleasure as | ever did from the things | enjoy. | Neutral

I can’t get any pleasure from the things I used to enjoy. Negative

3.4 Co-occurrence Network

“Co-occurrence analysis is simply counting paired data within a collection”. Co-
occurrence of items in the collection presents an association between them. If pairing
happens only once, this means that the association is weak. If the pairing happens many
times, this means that the association is strong. (Buzydlowski, 2015). In BDI-II we
provide an analysis of co-occurring tokens by analyzing non-stop words occurring in the
same questions. This provides us a better understanding of the BDI-II context and the

terminologies used to formulate its questions and the associations between them.

I get very little pleasure from the things i used to enjoy.

I feel guilty over many things i have done or should have done.
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After stop words removal the co-occurrence network of the tokens in this example is
presented as shown in Figure 4. The nodes of the network are represented by the words
of the questions while the edges are represented by the association of words occurring in

the same question.

Figure 4: Co-occurrence Network Example

3.5 Clustering Techniques for BDI-11 Questions

Clustering is an unsupervised model used to separate similar objects into the same
group. Thus, the first step is to identify the number of groups without actually knowing
which cluster data belongs to.®* The original BDI-II questions are clustered into 21
different clusters ordered as follows: Sadness, Pessimism, Past Failure, Loss of
Pleasure, Guilty Feelings, Punishment Feelings, Self-Dislike, Self-Criticalness, Suicidal
Thoughts or Wishes, Crying, Agitation, Loss of Interest, Indecisiveness, Worthlessness,

Loss of Energy, Changes in Sleeping Pattern, Irritability, Changes in Appetite,

34 https://towardsdatascience.com/making-sense-of-text-clustering-ca649¢c190b20
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Concentration, Tiredness or Fatigue, Loss of Interest in Sex. Multiple clustering
approaches were used in our study to determine the number and order of groups in the
result questionnaire. For that, we have weighted the terms used in the BDI-II
questionnaire, in addition to the list of expansion terms to weigh the terms based on
their significance in the context. The following Clustering models were utilized: K-
Means clustering, and TF-1DF clustering.

Figure 5 represents the flow in which the questionnaire was processed to identify the
new categorization for the questions in BDI-1I questionnaire. The text of the questions
of BDI-Il was processed, and the word embeddings of the text was extracted from
multiple resources that are used to enrich the original text. Terms’ weighting was then
applied to identify the most common terms that were used in certain contexts that were
later used for text reformulation. After reformulating the questions, clustering

techniques were applied to identify the new categories of BDI-1I output questionnaire.

Document Processed Text Word Embeddings Appl'y telrms
weighting
Y
Output ,
document Validate Clusters kil CIlusterlng Normalize Results
Algorithms

Figure 5: Proposed Re-Categorization Models for BDI-11 Questionnaire
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3.5.1 Identifying Number of Clusters

In any unsupervised model, there is no conclusive answer to the ideal number of
clusters into which the data should be grouped. Some direct methods are used to
identify the optimal number of clusters — known as k —3® In our project we have utilized

two of the most popular methods that are: elbow and silhouette.

Elbow Method

In Elbow, we adjust the number of clusters (k) from 1 to 10. We calculate the Within-
Cluster Sum of Square (WCSS) for each k, which is “the sum of squared distances
between each point and the cluster's centroid”. The WCSS plot looks like an elbow, and
we can tell that there is a point that causes the elbow shape by analyzing the graph. The
optimal number of clusters is represented by the k value on the x-axis corresponding to

this location.3®

Silhouette Method
The Silhouette approach is used to figure out how far apart the clusters are. The
Silhouette plot displays how close each point in one cluster is to points in neighboring
clusters, and so aids in determining the appropriate cluster size.%’
Steps to compute Silhouette Coefficient of a point (i):

1- Compute (i): “The average distance of the point with all other points in the same

cluster”.

35 https://www.datanovia.com/en/lessons/determining-the-optimal-number-of-clusters-3-must-know-
methods/

36 https://www.analyticsvidhya.com/blog/2021/01/in-depth-intuition-of-k-means-clustering-algorithm-
in-machine-learning/

37 https://scikit-learn.org/stable/auto_examples/cluster/plot_kmeans_silhouette_analysis.html
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2- Compute b(i): “The average distance of the point with all points in the closest
cluster to its cluster”.
3- Compute s(i): “The silhouette coefficient of the point (i) using the following

formula”:

b(@) —a(i)

s(@) = max(b(i), a(i))

Silhouette coefficient value can be in the range [-1,1] where 1 indicates that the data is
close within the same cluster but far from other clusters, and 0 indicates an overlap in

the clusters, and -1 indicates that the point is assigned to a wrong cluster.

3.5.2 K-Means Clustering

K-Means is “a famous vector-based clustering algorithm that returns a cluster
assignment to one of the k possible clusters for each object”. Defining the distance
metric between two data points and defining the number of clusters are crucial in K-
Means (Rangrej et al., 2011).

The K-Means algorithm divides the dataset into k non-overlapping subgroups. This
means that each point (subject) is clustered into only one group, with intra-cluster points
being as similar as feasible to points in other groups and as distinct as possible from
points in other groups.*

The K-Means algorithm works as follows:

1- Define the number of clusters, known as k.

38 https://towardsdatascience.com/k-means-clustering-algorithm-applications-evaluation-methods-and-
drawbacks-aa03e644b48a
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2- Initialize cluster centroids by shuffling and randomly selecting k data points for
each centroid without replacement.
3- lterating until there are no changes to the centroids to which the data points are
assigned.
The K-Means equation is given as follows:

m K
] = z Z wiel|xt — pel|?

i=1 k=1
Where wix =1 for data point xi if it belongs to cluster k; and wik =0 otherwise.

3.5.3 TF-IDF Clustering

TF-IDF is “the word representation method that can give constant weight to each word”.
It denotes the degree to which a word is relevant to a specific document. TF-IDF takes
into consideration the frequency of words within a document and the inverse of the
frequency of words in the document (Subakti et al., 2022).

The following equation can be used to derive the numerical representation of a word t in

a document d by TF-IDF:

fa(®)

w € d maxfy(w)

tf(t,d) =

3.6 Creating a Lexical Semantic Network
A lexical semantic network is “a type of semantic network which represents the
relations between words, sub-words or some-other linguistic related terms”. 3° For

creating a lexical semantic network for BDI-1I terms, we will use UMLS, eRisk social

39 https://ai.stackexchange.com/questions/2634/what-exactly-are-the-differences-between-semantic-
and-lexical-semantic-networks
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media posts and WordNet to create an expanded set of terms and retrieve the
relationships among them. A knowledge graph is then created to represent these
relationships. The terms are re-weighed based on their occurrences in all 3 resources
and a BoW is created for the most common terms in all resources to be used in the
questions’ reformulation. This BoW is also compared with the google English
translation of the unique Arabic tokens that we get from the Arabic Version of BDI
questionnaire. The Arabic version is enriched using the BowW we get from the English

version of BDI-II and questions are then reformulated accordingly.

3.7 Summary

To summarize, the goal of this chapter is to provide an overview of our proposed system
architecture from the NLP pipeline used to pre-process the data, questions’ clustering,
and lexical semantic network creation. The pipeline consists of multiple phases
including case-folding, contractions’ expansion, special characters removal,
tokenization, stop words removal, stemming, and lemmatization. The pipeline output is
then used to enrich the questions by expanding the tokens set using UMLS, eRisk and
WordNet to extract relations on both questions and tokens levels. The resulting network
Is used to create an expansion of tokens that are then used to reformulate the questions

of BDI-1I. Further details are discussed in Chapter 4.
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Chapter 4 - System Implementation Details

This chapter presents the implementation details of the proposed system presented in
Chapter 3. This includes the NLP pipeline and data pre-processing, terms’ expansion
using extrinsic resources, creating the lexical semantic network, terms’ re-weighting,
and clustering techniques, and finally the reformulation of questions based on the
relationships extracted from multiple medical and semantic networks.

To perform this part, we used Python programming language in Google’s colab
notebooks for implementing the proposed NLP pipeline and utilized it to enrich the
BDI-11 questions and create a reformulation of the questions (Code can be found at the
link in the footnote?®). The system used for the code implementation is a Lenovo

ThinkPad T14 Laptop with an intel® Core i7 8-logical processor and 16 GB RAM.

4.1 NLP Pipeline Development
Data pre-processing includes case-folding, contractions’ extraction, text cleaning,
tokenization and lemmatization as follows:
1. BDI-II questionnaire was inputted into Python notebook in the form of a csv
file that was then imported into a DataFrame using pandas** Python library.
2. Case-folding was applied to all questions converting all words into
lowercase to reduce significance of uppercase words.
3. Contractions were expanded to identify the original terms and reduce noise

of apostrophes as a punctuation.

40 https://colab.research.google.com/drive/1SQCOWWLcWgyTaB6-
6xsa2YkliJtoKCIC#scrollTo=elVPbrqFuK-t
4! https://pandas.pydata.org/
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4. Special characters, numbers and white spaces were removed.
5. Clean data was then tokenized using nltk*? word tokenizer. Potential n-gram
tokens were analyzed using WordNet.
6. Stemming and Lemmatization were performed using Porter and Lancaster
Stemmers and WordNet Lemmatizer.
During the pre-processing stage, stop words removal was performed as part of the NLP
pipeline. However, the analysis showed that about 62% of the questionnaire tokens are
stop words. Therefore, stop words removal isn’t relevant in our case.
In addition to that, as a final output for the NLP pipeline, lemmas were considered
rather than stems since lemmas return a root that is an actual English word while stems

do not always have a meaning.

4.2 BDI-11 Questionnaire Exploration and Sentiment Analysis

The original BDI-II questionnaire consists of 21 questions’ categories, an overall of 90
questions with numeric values from 0 to 3 used to calculate the assessment score by
adding up the score of all the questions to determine whether the subject is depressed or

not, and the level of severity.

4.2.1 Data Statistics
In the table below, some statistics about the nature of data in the BDI-II questionnaire is

presented as resulted from the data analysis in Python using NLTK tokenizer.

42 https://www.nltk.org/
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Table 4: Data Statistics for BDI-II Questionnaire

Number of categories 21

Number of questions 90

Number of tokens 589
Number of tokens after contractions’ expansion 787
Number of unigque tokens 166
Number of stop words 482
Average number of characters per token 3.75

The tokens in the questionnaire vary in their length. The average number of characters

per token is 3.75 as seen in Figure 6.
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Counts of token length

20 40 60 80 100 120 140
count

Figure 6: Number of Tokens Based on Tokens' Lengths in BDI-Il Questionnaire

After data pre-processing was performed, tokens were analyzed in terms of the most
common unigrams and bigrams occurring in the dataset as illustrated by the results
depicted in Figures 7

and 8.
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Figure 7: Most Common Unigram Tokens in BDI-11 Questionnaire

Most common bigrams
(finterest’, 'sex’) I
('things', 'use')
('less', 'interest')
('make’, 'decisions')
('feel’, 'punish’)
('tire', 'fatigue’)
('feel’, 'like")
(‘greater’, 'usual')
(‘feel’, 'guilty’) [N—
E (‘concentrate’, ‘well’) [N
9 (discourage’, ‘future’) NG
('interest’, 'people’) I
(‘people’, 'things') I—
(‘pleasure’, 'things') E—
(‘use', 'enjoy') FE
(‘thoughts', "kill') FE
('sleep’, 'lot)
('less', 'usual’) T
('lose!, 'interest’) FE
('irritable’, 'usual') FEE
0. 0.5 1.0 15 2.0 25 3.0 35 4.0
count
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Figure 8: Most Common Bigram Tokens in BDI-Il Questionnaire

4.2.2 Sentiment Analysis using sklearn model selection
In most of its questions, the original BDI-II questionnaire has a negative sentiment in

the context of the questions asked to the patient, as 76.7% of the questions are negative
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while the rest are neutral. As part of the analysis, we have created a list of the most
frequent tokens in the BDI-1I questionnaire and how frequent they are used in each

sentiment class as illustrated in the Figure 9.

~ ever - ever
particularly particularly
) ilure  failure
discourage M discourage =
leasure B leasure B
houghts houghts =
criticize criticize W
blame blame =SS
future P future
energy energy
like m— like m—
enjoy = enjoy IE——
make I make IEE——
decisions decisions FEE—————
kill - — kill  ——
restless I——— restless
gmltﬁ/ I gulltﬁ/ I
much I much I——
feel I feel
usual I usual I
sleep M—— sleep I
_get == _get ME——
things things
somewhat somewhat
fatigue fatigue
tire tire
anything anything
appetite appetite
= less ~ less
interest interest
time time
use use
0 1 2 3 4 5 6 0 2 4 6 8 10
neu neg

Figure 9: Most Frequent Tokens in BDI-11 and Their Frequency in Each Sentiment Class

4.2.3 Co-occurrence Network

Co-occurrence network for the BDI-1I questionnaire was created after stop words
removal by creating a dictionary of token combinations. The dictionary consists of
tuples of two tokens each and the frequency of the co-occurrence of this combination.
The Itertools library is used to get the combinations of tokens in the questionnaire, and
NetworkX library is used to represent the co-occurrence network as seen in Figure 10
where the network nodes are represented by the tokens in the dictionary tuples, and each

of the tokens in a tuple are connected to each other in the network.
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Figure 10:Co-occurrence of BDI-Il Tokens

For easier visualization of the network, an interactive visualization of the network can
also be shown as an html page in the web browser. Physics filter*® allows more fluid

graph interactions as seen in Figure 11.

4 https://pyvis.readthedocs.io/en/latest/tutorial.html
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Figure 11: Physics Filter for html Visualization of NetworkX

4.3 Terms’ Expansion Using Extrinsic Resources

In the next sections, we discuss the process of expanding the BDI-II questions with
relevant medical terms that can be extracted from extrinsic medical knowledge
resources, such as the UMLS. Our goal in this context is to evaluate the impact of
expanding the original questions with relevant depression terms that can be further
employed as part of the feature engineering phase. We argue that contextualizing and
expanding the terms of the BDI-II questions does not only assist in producing more
concise grouping of the questions, but also it can assist in identifying relevant

symptoms and diseases to clinical depression.

4.3.1 Terms’ Expansion Using UMLS Metathesaurus
Using “PyMedTermino” library in Python and UMLS APIs, a new questions dataset
was created as seen in the partial dataset seen in Table 5. The original questionnaire

consists of 21 questions with 4 answers each. The new questions dataset consists of 166
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answers for the same 21 categories of questions. A lexical semantic network was

created for these 166 answers based on the relationships in UMLS Metathesaurus.

Table 5: Partial UMLS Relationships for Output Dataset

Question Relation Related To
feeling sad in past 7d has_class Clinical
feeling sad in past 7d has_component | Feeling sad
feeling sad in past 7d has_supersyste | Patient

m
feeling sad in past 7d has_time_aspec | 7 days

t

feeling sad in past 7d has_answer I do not feel sad

feeling sad in past 7d has_answer | feel sad less than half the
time

feeling sad in past 7d has_answer | feel sad nearly all of the
time

| feel sad much of the time. answer_to Feel sad question

| am sad all the time. answer_to Feel sad question

I am so sad or unhappy that I can’t | answer_to Feel sad question

stand it.

Figures 12 and 13 respectively show the semantic relationships retrieved from UMLS

metathesaurus database, and the top 20 relations for the new questions dataset.
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Figure 12: Bar Chart of UMLS Metathesaurus Semantic Relationships
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Figure 13: Bar Chart of Top 20 Answers to Questions Relationships

Relationships retrieved from UMLS Metathesaurus are defined in clinically used

questionnaires like PROMIS (Patient Reported Outcomes Measurement Information
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System), Rosenberg Self-Esteem Scale, SIQ (Suicidal Ideation Questionnaire), PHQ
(Patient Health Questionnaire), CIDI-SF (The Composite International Diagnostic
Interview), Neuro-QOL (Quality of Life), FACIT (Functional Assessment of Chronic
Iliness Therapy), and GDS (Geriartic Depression Scale).

Based on the above, a lexical semantic network was created. Figure 14 shows a partial
view of the lexical semantic network for relationships retrieved from UMLS

Metathesaurus database.
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Figure 14: Partial Lexical Semantic Network Output

4.3.2 Terms’ Expansion Using NLTK WordNet

Terms’ expansion was performed using NLTK wordnet. For that purpose, the list of
unique terms was used to get all the synonyms, hypernyms and meronyms using
wordnet, which resulted in an expanded set of tokens. The figure below represents a
word cloud of the most frequent tokens in the expanded list of terms. As seen in the

word cloud, many tokens are not clinical text and are not related to the depression
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screening context. Therefore, further enrichment and enhancement is required using

clinical text interpretation in Python.

Expanded Terms
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Figure 15: WordCloud Representing the Most Frequent Tokens in the Expanded Set Using WordNet

up clock_time thus stitute buttocks derriere

4.3.3 Terms’ Expansion Using Stanza

Stanza is a collection of tools used in linguistic analysis of human languages.** Stanza
library contains several biomedical models that are used to annotate clinical text. In our
work we used “Mimic” and “i2b2” packages in “Stanza” to annotate clinical text in the

BDI-II questionnaire and its interpretation in the model as seen in the code snapshot

shown in Figure 16.

4 https://stanfordnlp.github.io/stanza/
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° for question in questions:
my_sentiment= nlp_biomedical mimic_pipe(question)
for ent in my_sentiment.entities:
print{f"{ent.text} \t {ent.typel}")

sad PROBLEM

sad PROELEM

a failure PROBLEM
failures PROBLEM

a total failure PROBLEM
crying  PROBLEM

more restless PROBLEM

wound PROBLEM

more restless PROBLEM

wound PROBLEM

restless PROBLEM

agitated PROBLEM

restless PROBLEM

agitated PROBLEM

more irritable  PROBLEM

irritable PROBLEM

more irritable  PROBLEM

any change in my sppetite PROBLEM
1 I can’t concentrate TREATMENT
fatigued PROBLEM

fatigued PROBLEM

too tired PROBLEM

fatigued PROBLEM

too tired PROBLEM

fatigued PROBLEM

Figure 16: Annotating Clinical Text in BDI-II Questionnaire

Tokens that are annotated as clinical text in BDI-1I questionnaire are given higher

weight than the rest of the text and are then used to enrich the Bow model.

4.3.4 Terms’ Expansion Using eRisk 2020 Dataset

Comparing unique terms in BDI-I1 with text from eRisk dataset (from 70 subjects for
depression screening): Out of 173 unique terms used in BDI || questionnaire 171 terms
were also used by the people who were subject of study in eRisk Dataset which contains
29918 unique terms. This indicates that terms used in the BDI-11 are also used by people
diagnosed with depression when expressing themselves on their social media accounts.
A list of the most frequent terms used by the studied subjects in the eRisk dataset is

created to be used to enrich the BoW model. The list contains the following tokens:
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like, do, one, would, people, get, think, rule, time, comment, thing, know, also, make, really,
see, even, want, removed, work, lot, year, good, much, way, have, that, well, still, could, go,
first, many, something, need, day, use, world, you, say, post, instead, discussion, help,
breaking, consider, daily, Hitler, never, love, friend, thanks, appeal, process, message, must,

notice, clicking, moderator, within, page, inform

4.4 Bag of Words Model

After creating the expanded lexical semantic network using BDI Il, WordNet and
UMLS results; NLTK probability and FregDist libraries are used to apply Binary
Scoring for terms occurrences in BDI 11 questionnaire, UMLS expanded dataset, and the
most common terms used by people diagnosed in clinical depression on their social
media accounts -for that eRisk dataset is used-. Bag-Of-Words (BoW) is then created
for the terms occurring in all three datasets.

For better results, Bag-Of-Words Model using Scikit-Learn and Count Vectorizer

libraries was applied after stop words removal:

ability able activity afraid agitated agree almost also always

0 0 1 0 1 0 0 0 0
1 1 1 1 1 1 1 0 1
0 0 0 0 0 0 0 1 0

Figure 17: Bag of Words Using SciKit-Learn

Using the BoW model, a list of the most frequent terms is created. This list of tokens
and their semantically related tokens are used to reformulate the questions of BDI I

guestionnaire and weighting them based on their usage and frequency in other contexts.
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4.5 Questions’ Re-weighting

The most frequent tokens that are used in the BDI-1I and the extrinsic resources used to
enhance it based on the BoW model are used to reformulate the English version of BDI-
Il questionnaire. The output of the BoW model resulted in 20 tokens that are highly
used in depression screening questionnaires and by people diagnosed with depression
on their social media accounts. These tokens and their semantically related tokens are

given higher weight in the questions’ order and grouping. These terms are:

change, consider, cry, decision, get, like, lot, make, many, much, pattern, people, see,

something, still, thought, time, well, work, and would.

4.6 Questions’ Clustering and Re-grouping

After creating a semantically enhanced formulation of depression screening questions.
These questions are presented to a psychiatrist to enhance the formulation and decide on
whether a certain question can or cannot be asked to a patient in the formulation that is
created using our lexical semantic network.

All 21 categories were used in mapping the questions into 6 clusters using the
classification models. It is noticed the expanded dataset isn’t balanced as seen in Figure

18.
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Figure 18: Expanded Questions Frequency Per Category

To create a new classification for the expanded questions; multiple classification models
were applied to reformulate the order of questions appearing in the questionnaire based
on the category they belong to. For that K-means and TF-IDF models were applied, and
questions were mapped into 21 clusters as in the original BDI Il questionnaire as seen in

Figure 19.
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TF-IDF + KMeans 21 new clusters for BDI_II questions

Self-Dislike

Tiredness or Fatigue
Punishment Feelings
Indecisiveness

Suicidal Thoughts or Wishes
Loss of Energy
Irritability

Loss of Pleasure
Worthlessness
Pessimism
Concentration Difficulty
Past Failure

Changes in Appetite
Self-Criticalness
Agitation

Sadness

Interest in Sex

Guilty Feelings

Loss of Interest
Changes in Sleeping Pattern
Crying
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Figure 19: Text Clustering Using TF-IDF and K-Means for BDI-I1 Questions

Similarly, the expanded set of questions from UMLS dataset are also clustered into 21

clusters as in the original BDI-II questionnaire as seen in Figure 20.
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TF-IDF + KMeans 21 new clusters for UMLS expanded list
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Loss of Energy

Loss of Interest
Punishment Feelings
Tiredness or Fatigue
Past Failure

Sadness
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Worthlessness

Suicidal Thoughts or Wishes

Figure 20: Text Clustering Using TF-IDF and K-Means for UMLS Expansion List of Questions

4.7 BDI Arabic Version Analysis

Using camel-tools library®, the Arabic version of the BDI questionnaire was pre-

processed in a similar pipeline to the one used to pre-process the English version of

BDI-Il. Arabic data pre-processing includes dediacritization, text normalization,

tokenization, and punctuation removal as explained below:

1. Arabic BDI questionnaire was inputted into Python notebook in the form of

a csv file that was then imported into a DataFrame using pandas*® Python

library.

Dediacritization*’ was applied to all questions by removing all short vowel

marks (the harakat/ motions) from the Arabic text.

4 https://camel-tools.readthedocs.io/en/latest/api/utils.html
46 https://pandas.pydata.org/
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Before Dediacritization
Jaiaal) sy Loliie cund )

Ulaf Claall 3ot oy e

After Dediacritization
Jadiaal) ol Lailiie cad ot

Ulaf i) Gaciad aily e

3. Text normalization*® was applied to all questions by removing all glottal stop signs
(hamza) from the text as they are treated as special characters in the Arabic
language. In this step all variations of the Arabic letter (Alef) were normalized to
plain alef using normalize_alef _ar tool in camel_tools Python library. In addition to
that, all occurrences of the Arabic letter (teh marbuta) were normalized to a (heh)
character, and all occurrences of (Alef Maksura) were normalized to (yeh) using

normalize_alef_maksura_ar and normalize_teh_mabuta_ar tools.

Before Text Normalization

sale ulS LS a1 s idas Y1 5 L
After Text Normalization

sale L\.\\SLASG».A‘)SL} \JJ&J‘;\AL’_I;MY\ L\MJLA

4. Special characters, numbers and white spaces were removed.
5. Clean data was then tokenized using simple_word_tokenize*® tool in camel_tools
Python Library resulting into 691 Arabic tokens, out of which there are 304 unique

tokens including:

47 https://camel-tools.readthedocs.io/en/latest/api/utils/dediac.html
8 https://camel-tools.readthedocs.io/en/latest/api/utils/normalize.html
4 https://camel-tools.readthedocs.io/en/latest/api/tokenizers/word.html
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4.7.1 Arabic Tokens Translation Using Translators Library

To expand the Arabic set of terms, all unique terms are translated to English using
“translators®” library in Python. Google translate® was applied using language_map
function in “translators” library. The set of translated tokens of BDI are then compared
to the original set of tokens of BDI-Il. New terms are added to the expanded English list

of terms based on the translation of the Arabic terms, as in the follow examples:

Arabic Term Translation
Ol Sorrow
oaladll Get rid of
Al Misery

ekl | aspire
=) Satisfaction
e Tormented
aaia Weakening

4.7.2 Arabic Tokens Expansion
After defining the expansion terms that are used in the reformulation of the English

version of BDI-II, the Arabic version of BDI questionnaire will also be enhanced using

%0 https://pypi.org/project/translators/
51 https://translate.google.com/
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the corresponding Arabic terms as in the English version based on the same extrinsic
resources used to enrich the English version. For that, the English expansion tokens are
translated back to Arabic to create the Arabic list of expanded tokens that are then used

to enrich the Arabic questionnaire.

4.8 Results and Discussion

In this chapter, we presented the expansion methods used to enrich the BDI-II
questionnaire and discover relationships among terms of the questions using UMLS,
Wordnet and e-Risk. The original and expanded relationship terms formulated a
knowledge graph that provides a shared concept categorization for each cluster. In our
approach, we kept the number of questions as in the original BDI-Il questionnaire.
However, the questions are reformulated using the terms with higher weights based on
their occurrences in multiple extrinsic resources.

Using the most common terms in each of the extrinsic resources along with the original

terms of BDI-11, we have reformulated the questions as seen in Table 6.

Table 6: BDI-II Questions' Reformulation Example

Question before reformulation Question after reformulation

Sadness

I do not feel sad. I am not sad.

| feel sad much of the time. I am sad much of the time.

| am sad all the time. | am sad all the time.

I am so sad or unhappy that | cannot stand it. | | am so sad or unhappy that I cannot stand it.
Pessimism

I am not discouraged about my future I have not given up hope for the future.

| feel more discouraged about my future than | I am more pessimistic about the future than
| used to be. before.




63

I do not expect things to work out for me.

I do not have high hopes for things to work

out for me.

Heel my future is hopeless and wiH only get

WOrse.

My future is hopeless and only gets worse.

Past failure

I do not feel like a failure.

| am not a failure.

I have failed more than | should have.

| have failed much.

As | look back, | see a lot of failures.

I made lots of mistakes in the past.

| feel-1 am a total failure as a person.

As a person, | am a total failure.

As observed from the example above, the word “feel” was removed from the questions

as it showed a lower weight among the rest of the tokens while words like “much” and

“time” were given a higher weight in the questions and thus were not removed from the

questions. As a result of the reformulation some questions were not changed like “I am

sad all the time”, while others were partially or completely reformulated like “I have

failed more than I should have” and “As I look back, I see a lot of failures”.

BDI-11 questions are also being analyzed to be re-grouped into new clusters. As multiple

clustering techniques were applied, we got different clusters for each method. In K-

Means clustering, the model scored an accuracy of 0.61. Each question was

recategorized under a category with keeping the number of original categories of BDI-II

resulting into a change in the number of questions under each category as seen in the

table below:
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Table 7: K-Means Clustering for BDI-Il Questions

Grou Original Topic Original Resulting

p number of number of

questions questions
1 Sadness 4 3
2 Pessimism 4 3
3 Past Failure 4 3
4 Loss of Pleasure 4 4
5 Guilty Feelings 4 3
6 Punishment Feelings 4 5
7 Self-Dislike 4 2
8 Self-Criticalness 4 3
9 Suicidal Thoughts or Wishes 4 4
10 Crying 4 4
11 Agitation 4 1
12 Loss of interest 4 5
13 Indecisiveness 4 7
14 Worthlessness 4 4
15 Loss of Energy 4 3
16 | Changes in Sleeping Pattern 7 6
17 Irritability 4 7
18 Changes in Appetite 7 10
19 Concentration Difficulty 4 4
20 Tiredness or Fatigue 4 5
21 Interest in Sex 4 4
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Table 8 provides an example of the new categorization of the questions using K-Means:

Table 8: Example of BDI-II Questions' New Categories Using K-Means Clustering

BDI-1I Question Original K-Means Clustering
Category Category

I do not feel sad Sadness Sadness

I am sad all the time Sadness Sadness

I am sad all the time. Sadness Irritability

I am so sad or unhappy that I can’t stand it | Sadness Sadness

I am not discouraged about my future Pessimism Pessimism

I feel more discouraged about my future | Pessimism Pessimism

than | used to be

I do not expect things to work out for me Pessimism Pessimism

| feel my future is hopeless and will only get | Pessimism Changes in Appetite

worse

I do not feel like a failure Past Failure Worthlessness

I have failed more than I should have Past Failure Past Failure

As | look back, I see a lot of failures Past Failure Past Failure

| feel 1 am a total failure as a person Past Failure Past Failure

TF-IDF has scored better accuracy than K-Means as the accuracy of TF-IDF on BDI-II

questions is 0.72. The questions were regrouped into different categories with a

resulting change in number of questions under each category as seen in Table 9.

Table 9: TF-IDF Clustering for BDI-1l Questions

Group Topic Original number Resulting
of questions number of
questions

1 Sadness 4 2

2 Pessimism 4 4

3 Past Failure 4 3
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4 Loss of Pleasure 4 8
5 Guilty Feelings 4 7
6 Punishment Feelings 4 3
7 Self-Dislike 4 6
8 Self-Criticalness 4 3
9 Suicidal Thoughts or Wishes 4 6
10 Crying 4 4
11 Agitation 4 4
12 Loss of interest 4 3
13 Indecisiveness 4 3
14 Worthlessness 4 7
15 Loss of Energy 4 6
16 Changes in Sleeping Pattern 7 4
17 Irritability 4 4
18 Changes in Appetite 7 4
19 Concentration Difficulty 4 2
20 Tiredness or Fatigue 4 4
21 Interest in Sex 4 3

The BDI-II questionnaire was also clustered per questions’ categories as many of these
categories may share some common characteristics, and therefore be grouped under a
larger group. For that TF-IDF was used to create 3 new groups for the BDI-11 categories

and the results were as seen in the Table 10.



Table 10: TF-IDF Clustering for BDI-11 Categories

Cluster number

Categories

Number of BDI-II

categories in cluster

Keywords

Cluster 1

Sadness
Pessimism
Past Failure
Loss of Pleasure
Guilty Feelings
Punishment Feelings
Crying
Worthlessness
Loss of Energy
Irritability
Concentration Difficulty

11

People, enjoy, guilty,

thing, time

Cluster 2

Self-Dislike
Self-Criticalness
Suicidal Thoughts or
Wishes

Indecisiveness

Blame, kill, myself,

decision

Cluster 3

Agitation
Loss of interest
Changes in Sleeping
Pattern
Tiredness or Fatigue
Changes in Appetite

Interest in Sex

People, sleep,

appetite, restless.

The results that we got show that the first group contains almost all the questions that

are related to feelings (e.g., sadness and pessimism). The second group contains

questions that are related to self-harm -physically and psychologically- (e.g., self-dislike

and suicidal thought and wishes) as these questions are mostly related to thoughts about
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the self. And the third group contains questions that are related to general habits and
activities that the patient is used to (e.g., loss of interest in activities and changes in

sleeping pattern).

4.9 Summary

In this chapter, we presented how we applied each of the enrichment approaches on the
BDI-11 questionnaire. The first enrichment approach was using UMLS metathesaurus to
expand the terms based on medical metathesaurus showing the relationships between
these questions and others in the metathesaurus. The second enrichment approach was
using Wordnet to expand the list of terms based on lexical semantic relations as seen in
Wordnet. The third enrichment approach was using eRisk dataset to analyze social
media posts that are posted by people that already have screening results for depression.
A list of words was then identified by applying the Bag-Of-Words model on BDI-II
original tokens along with the expanded list of tokens that resulted from all three
enrichment approaches.

After identifying the set of tokens that resulted from the Bag-Of-Words model, the most
common words on each of the approaches was identified and the tokens that occurred in
all datasets were given higher weight and were used later to reformulate the original
questions. The reformulation was manually done after identifying the key words that
must be used in the questionnaire. The number of questions was not changed during the
reformulation process, only the context of each question was enhanced.

In the final stage of our project, pre-trained clustering models were used to re-group the

questions into new categories, and therefore reformulate the original questionnaire’s
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categories accordingly. TF-IDF provided better results when applied on categories
rather than on questions.

The reformulated questions of BDI-1I questionnaire and the new categorization were
presented to a psychiatrist who evaluated the efficiency of the syntax of the
reformulated questions and the newly used terminologies. As part of this evaluation, the
new version of the questionnaire will be presented to other psychiatrists to evaluate it

towards its usage in the clinical depression screening process.
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Chapter 5 - Conclusions and Future Work

This chapter outlines our strategy, explains our findings, and highlights the
contributions we made by using the proposed tool. Furthermore, it emphasizes the tool's
prospective enhancements for the existing implementation. The chapter is organized
into two sections: 5.1, which covers our research work and highlights the methodologies
and approaches employed in the proposed system, and 5.2, which covers future work

and issues that we intend to address in future system updates.

5.1 Conclusions

To screen depression, psychologists recommend filling out a questionnaire with a
symptom rating scale. One of the widely used depression screening questionnaires is the
BDI-1I questionnaire. The questionnaire which was last changed in 1996 has a large
number of categories that might not all be convenient for the patient who is taking the
test. The strength of our project is that it was the first attempt of applying lexical
semantic based clustering on BDI-II questions. We aimed to explore how employing
knowledge acquired by medical resources might improve the result in this situation.

We proposed BDI-Il Questions reformulation and clustering techniques, for this, we
used pre-trained clustering techniques to obtain new patterns and cluster the BDI-II
questions under semantically enhanced categories. For that, we have constructed a
knowledge graph employing synonymy/ meronymy relationships to link tokens derived
from original BDI-1I questions and the lexical and medical knowledge resources that

were used in this project.
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First, the output lexical semantic network represents the tokenized group of BDI-II
questions and the relationships between these tokens and the list of extrinsically
expanded tokens in the network. Second and after identifying the relationships between
the tokens, a list of terms was extracted using the Bag-Of-Words model to represent the
keywords that were used to reformulate the questions by giving these terms a higher
weigh and importance in the questionnaire. Third, we have utilized two different
clustering models for re-grouping the original questions of BDI-II questionnaire.
Without using any knowledge resources, K-Means and TF-IDF were utilized to cluster
the questions by grouping similar questions into distinct categories. The goal was to
demonstrate how medical knowledge can aid in improving the quality of clustering
methods.

The newly proposed categories, which are semantically enhanced and based on medical
knowledge graphs, have produced a new categorization of questions that are close in
their semantic distance and have less overlap that the original BDI-II questions that are

being used by psychologists and healthcare professionals to screen depression.

5.2 Challenges and Future Work

Although the experiment yielded encouraging results, there are some improvements that

can be made to the methodologies given in this research. These can be summarized as

follows:

e Improve clustering techniques based on pre-trained language models like
BERT/BIOBERT to include broader medical enrichment relationships during the

processing.
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Explore additional relationships that can be retrieved from UMLS or other medical
resources so that we can expand our depression screening terms, and then discover
lexical patterns between the questions set.

Evaluate our approach with a larger dataset and ask psychologists to test and
evaluate the outcome.

Link the symptoms that are screened as part of the depression screening process to
other diseases that can be diagnosed by these symptoms.

Build an automated depression screening model based on the new categorization.
Investigate with healthcare professionals the possibility of enriching the
questionnaire’s terminology by adding a free-text question where the patient
expresses his/her feelings. The terms that are written by the patient are then used as

an input to enrich depression screening questions.
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Appendix 1:  BDI-1I questionnaire

1. BDI-II questionnaire
This questionnaire consists of 21 groups of statements. Please read each group of statements
carefully, and then pick out the one statement in each group that best describes the way you feel.

If several statements in the group seem to apply equally well, choose the highest number for that

group.

1. Sadness

0. 1 do not feel sad.

1. | feel sad much of the time.
2. 1 am sad all the time.

3. 1 am so sad or unhappy that | can't stand it.

2. Pessimism
0. I am not discouraged about my future.

1. | feel more discouraged about my future than I used to be.

N

. I do not expect things to work out for me.

w

. | feel my future is hopeless and will only get worse.

3. Past Failure

0. 1 do not feel like a failure.

1. I have failed more than | should have.
2. As | look back, | see a lot of failures.

3. I feel I am a total failure as a person.
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. Loss of Pleasure

. I get as much pleasure as | ever did from the things | enjoy.
. I don't enjoy things as much as | used to.

. | get very little pleasure from the things | used to enjoy.

. I can't get any pleasure from the things | used to enjoy.

. Guilty Feelings

. I don't feel particularly guilty.

. | feel guilty over many things | have done or should have done.
. | feel quite guilty most of the time.

. | feel guilty all of the time.

. Punishment Feelings

. I don't feel | am being punished.
. | feel 1 may be punished.

. | expect to be punished.

. | feel I am being punished.

. Self-Dislike

. | feel the same about myself as ever.
. I have lost confidence in myself.

. I am disappointed in myself.

. I dislike myself.

. Self-Criticalness
. I don't criticize or blame myself more than usual.

. I am more critical of myself than I used to be.
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2. | criticize myself for all of my faults.

3. I blame myself for everything bad that happens.

9. Suicidal Thoughts or Wishes

0. I don't have any thoughts of killing myself.

1. I have thoughts of killing myself, but I would not carry them out.
2. 1 would like to kill myself.

3. I would kill myself if I had the chance.

10. Crying

0. I don't cry any more than | used to.
1. I cry more than | used to.

2. | cry over every little thing.

3. | feel like crying, but | can't.

11. Agitation

0. I am no more restless or wound up than usual.

1. | feel more restless or wound up than usual.

2. | am so restless or agitated that it's hard to stay still.

3. l'am so restless or agitated that | have to keep moving or doing something.

12. Loss of Interest

0. I have not lost interest in other people or activities.

1. I'am less interested in other people or things than before.
2. | have lost most of my interest in other people or things.

3. It's hard to get interested in anything.
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13. Indecisiveness

0. I make decisions about as well as ever.

1. I find it more difficult to make decisions than usual.

2. | have much greater difficulty in making decisions than I used to.

3. I have trouble making any decisions.

14. Worthlessness

0. I do not feel I am worthless.

1. 1 don't consider myself as worthwhile and useful as I used to.
2. | feel more worthless as compared to other people.

3. | feel utterly worthless.

15. Loss of Energy

0. I have as much energy as ever.

1. I have less energy than | used to have.

2. | don't have enough energy to do very much.

3. I don't have enough energy to do anything.

16. Changes in Sleeping Pattern

0. I have not experienced any change in my sleeping pattern.
la. | sleep somewhat more than usual.

Ib. I sleep somewhat less than usual.

2a. | sleep a lot more than usual.

2b. 1 sleep a lot less than usual.

3a. | sleep most of the day.

3b. I wake up 1-2 hours early and can't get back to sleep.
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17. Irritability

0. I am no more irritable than usual.

1. I am more irritable than usual.

2. 1 am much more irritable than usual.

3. I am irritable all the time.

18. Changes in Appetite

0. I have not experienced any change in my appetite.
la. My appetite is somewhat less than usual.

Ib. My appetite is somewhat greater than usual.

2a. My appetite is much less than before.

2b. My appetite is much greater than usual.

3a. | have no appetite

3b. | crave food all the time.

19. Concentration Difficulty

0. I can concentrate as well as ever.

1. I can't concentrate as well as usual.

2. It's hard to keep my mind on anything for very long.

3. 1 find I can't concentrate on anything.

20. Tiredness or Fatigue

0. I am no more tired or fatigued than usual.

1. I get more tired or fatigued more easily than usual.

2. 1 am too tired or fatigued to do a lot of the things I used to do.

3. I am too tired or fatigued to do most of the things I used to do.
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21. Loss of Interest in Sex

0. I have not noticed any recent change in my interest in sex.
1. I am less interested in sex than | used to be.

2. 1 am much less interested in sex now.

3. I have lost interest in sex completely

at all.

2. Scoring instructions for BDI-II questionnaire

The depression level obtained from this questionnaire is regularly used to categorize users
as: minimal depression (0-9), mild depression (10-18), moderate depression (19-29), and severe
depression (30-63). A third method of evaluation will consist of assessing the systems in terms

of how many users are correctly categorized (automatic questionnaire vs real questionnaire).
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Appendix 2:  Arabic Version of BDI questionnaire
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Appendix 3: DSM-5

DSM-5 Diagnostic Criteria for Major Depressive Disorder

A. Five (or more) of the following symptoms have been present during the same 2-week period
and represent a change from previous functioning; at least one of the symptoms is either (1)
depressed mood or (2) loss of interest or pleasure. Note: Do not include symptoms that are
clearly attributable to another medical condition.

1. Depressed mood most of the day, nearly every day, as indicated by either subjective report
(e.g., feels sad, empty, hopeless) or observation made by others (e.g., appears tearful).
(Note: In children and adolescents, can be irritable mood.)

2. Markedly diminished interest or pleasure in all, or almost all, activities most of the day,
nearly every day (as indicated by either subjective account or observation).

3. Significant weight loss when not dieting or weight gain (e.g., a change of more than 5% of
body weight in a month) or decrease or increase in appetite nearly every day. (Note: In
children, consider failure to make expected weight gain.)

4. Insomnia or hypersomnia nearly every day.

5. Psychomotor agitation or retardation nearly every day (observable by others, not merely
subjective feelings of restlessness or being slowed down).

6. Fatigue or loss of energy nearly every day.

7. Feelings of worthlessness or excessive or inappropriate guilt (which may be delusional)
nearly every day (not merely self-reproach or guilt about being sick).

8. Diminished ability to think or concentrate, or indecisiveness, nearly every day (either by
subjective account or as observed by others).

9. Recurrent thoughts of death (not just fear of dying), recurrent suicidal ideation without a

specific plan, or a suicide attempt or a specific plan for committing suicide.

B. The symptoms cause clinically significant distress or impairment in social, occupational, or

other important areas of functioning.

C. The episode is not attributable to the physiological effects of a substance or to another

medical condition.

Note: Criteria A—C represent a major depressive episode.
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Note: Responses to a significant loss (e.g., bereavement, financial ruin, losses from a natural
disaster, a serious medical illness or disability) may include the feelings of intense sadness,
rumination about the loss, insomnia, poor appetite, and weight loss noted in Criterion A, which may
resemble a depressive episode. Although such symptoms may be understandable or considered
appropriate to the loss, the presence of a major depressive episode in addition to the normal
response to a significant loss should also be carefully considered. This decision inevitably requires
the exercise of clinical judgment based on the individual’s history and the cultural norms for the

expression of distress in the context of loss.

D. The occurrence of the major depressive episode is not better explained by schizo-
affective disorder, schizophrenia, schizophreniform disorder, delusional disorder,
or other specified and unspecified schizophrenia spectrum and other psychotic

disorders.

E. There has never been a manic episode or a hypomanic episode. Note: This exclusion
does not apply if all of the manic-like or hypomanic-like episodes are substance-induced or

are attributable to the physiological effects of another medical condition.

DSM = Diagnostic and Statistical Manual of Mental Disorders.

Reprinted with permission from the American Psychiatric Association. Diagnostic and Statis
tical Manual of Mental Disorders, 5th ed. Washington, DC: American Psychiatric Association;
2013:160-161.
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