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Abstract

Medical students face multiple challenges that can significantly impact their mental health. The
intense academic pressure, exposure to death and long working hours make them vulnerable to
stress, anxiety and sometimes depression. In Low and middle-income countries (LMIC), additional
factors like social stigma, peer pressure and family issues like parental expectation can further con-
tribute to their mental instability, ultimately leading to the ideation of suicide. It is found that
in Bangladesh alone, the prevalence of suicidal ideation was 27.4% which is higher than the global
prevalence. Even though the rates keep increasing, early signs of suicidal ideation go undiagnosed
due to various reasons such as social and cultural stigma. Thus, this thesis brings forth a model
developed for predicting suicidal risks among medical students in Bangladesh due to the complex-
ity of this topic. It aims to contribute to the knowledge about mental health by creating a feasible
machine learning model to identify suicidal thoughts and access to early intervention among Med-
ical Students in Bangladesh. Three publicly available datasets were selected where multiple types
of data such as symptoms, demographic & scale data were utilized to extract information through
surveys. Four machine learning algorithms were employed on each dataset, after careful cleaning
and preprocessing for all the models. For feature extraction, LASSO, Pearson’s Correlation Coef-
ficient (PCC), Sequential Forward Selection (SFS), and Weighted Sum Feature Selection (WSFS)
were utilized. When Random Forest was applied to the features selected by WSFS on Dataset A,
it proved to be the best model with an accuracy of 0.97 and an AUC of 0.99, further supported
by Cohen’s Kappa value of 0.95. LASSO selected features from all datasets performed well, and
algorithms gave good results as well. Overall, the Random Forest performed better than Deci-
sion Trees, while Logistic Regression and SVM gave almost similar results. The combined dataset

model, however, was not able to showcase good performance.
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Chapter 1

Introduction

This chapter explores the overall problem of mental health challenges worldwide. The main focus
is in Bangladesh and other low and middle income countries, where resources are limited despite
increasing needs. The chapter funnels down from broad mental health statistics to the specific
issue of suicide risk among medical students in Bangladesh. Moreover, this chapter highlights why
traditional assessment approaches fall short and introduces how computational intelligence might

offer new pathways for early identification of at-risk individuals.

1.1 Background

Mental health problems are on the rise worldwide due to factors such as family issues, stressful
life events, substance use and other common issues [I]. It is a complex and often stigmatizing
condition that can affect the size of one’s thoughts, feelings, and actions. Approximately 13% of
the global population (971 million people) suffer from some form of mental illness [2]. Among
them, the number of individuals with a serious mental illness has been observed to significantly
rise among university students over the past few years [3]. Globally, one-fifth of university students
suffer from a mental disorder in every given year [4].

When examining student mental health, it is essential to note the underlying dependencies associ-
ated with their situation. One study found that students dealing with mental disorders typically
face challenges such as diminished self-esteem, social stigma, instances of bullying, and difficulties
in both family and social relationships [5]. Statistics on depression show a concerning trend of
rising depression among 17-year-olds, emphasizing the importance of collegiate mental health ser-
vices to address this issue as they transition into college [6]. Furthermore, one-third of first-year
college students screened positive for at least one mental disorder, highlighting the need for men-
tal health services on campuses [7]. Although many studies have been conducted on the mental
health of students worldwide, studies remain relatively low for low- and middle-income countries
(LMICs). A study conducted in Vietnam points towards the scarcity of mental health resources
in LMICs [§]. Another study led by the World Health Organization (WHO) found that the ma-
jority of populations in LMICs do not have access to effective psychological and pharmacological
interventions [9]. Bangladesh is yet another LMIC that is facing a rise in mental health problems
and is considering implementing community-based mental health services to address the issue [10].
However, individuals with mental health concerns in this demography face social stigma and lack
emotional support [II]. Also, the healthcare system in Bangladesh is struggling with a shortage

of skilled mental health professionals. This increases the demand for additional trained experts
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to deliver sufficient care and services, posing a challenge in delivering timely and effective sup-
port to all individuals who may require it [12]. Furthermore, the lack of mental health awareness
and acknowledgement in this country, along with the cultural stigma surrounding mental health,
creates a significant barrier to addressing and effectively supporting the mental well-being of the
Bangladeshi citizens [13]. Although, one study contradicts that mental health awareness is high
among Bangladeshi university students [14], knowledge on mental health is insufficient. This inad-
equacy contributes to the widespread prevalence of mental health issues in Bangladesh, including
depression, anxiety, study-related problems, trauma, abuse, etc.

One such issue is suicidal ideation which is a deeply concerning aspect of mental health, even
though it is a neglected public health concern in Bangladesh, with an average suicide rate of
39.6/100000 population/year [15]. This rate of suicide in Bangladesh increased between 2002 and
2015, particularly among adolescents, females, and urban dwellers [16]. Students in particular were
the most vulnerable to suicide amidst the vast majority, with academic stress and relationship con-
cerns being common factors [I7]. A 2022 cross-sectional study of Bangladeshi university students
found that 13.4% had experienced suicidal thoughts in the past year, 6% had made suicide plans
and 4.4% had attempted suicide at some point in their life [I§].

1.2 Motivation

Enhancing the mental well-being of individuals who view suicide as a way to escape emotional
distress requires the identification of such feelings and struggles. The traditional method of identi-
fying suicide risk can be achieved through the use of scales such as suicide risk assessment (SRA)
and suicide risk formulation (SRF) [I9]. Other methods include a one-dimensional stratification
system based on severity [20] or explicit communications of suicidal ideation [21I]. However, these
methods may rely on self-reporting or assessments by mental health professionals, which can be
subjective and may not capture the full extent of an individual’s risk [22]. Furthermore, traditional
methods may not adequately capture the complexity and dynamic nature of suicide risk, as they
rely on observable and reported symptoms, behaviors, and historical factors [23].

Artificial Intelligence (AI) can be a useful tool to predict the outbreaks of suicide and identify
high-risk individuals [24]. It refers to the development of computer systems that can perform tasks
that typically require human intelligence, such as visual perception, speech recognition, decision-
making, and problem-solving [25]. By combining large amounts of data with fast processing and
smart algorithms, Al allows a program to learn from patterns or features in the data automatically
[26]. By leveraging the use of Al further contribution to the early detection of suicide among

medical students in Bangladesh can be achieved.

1.3 Objectives

This study focuses on predicting the risk of suicide among medical students of Bangladesh by using
sociodemographic, symptoms, and scale data with machine learning for quick assessment of their

mental health. The objectives of this research are as follows:

e To reduce diagnosis delay, the use of this suicide prediction model inside medical schools in

a scheduled manner can help identify at risk individuals

e To Improve access to care, this machine learning model will help to bridge the gap between

at risk medical students and mental healthcare providers.
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e To Assist with resource allocation, experienced psychiatrists can be referred to high-risk
individuals, ensuring that the mental health resources are efficiently allocated and that

high-risk individuals receive timely, personalized care for effective intervention.

1.4 Outline of thesis

The subsequent chapters of this thesis are organized as follows: Chapter II provides a literature
review summarizing previous studies on predicting risks of suicide among Bangladeshi students. In
Chapter III, the data associated with suicide prediction particularly among medical students are
analyzed and some similar machine learning suicide prediction models are discussed. In Chapter
IV, the methodology behind the predictive model is introduced. Moving onward to Section V, the
results and evaluation of model performance are analyzed. Lastly, in Chapter VI, a comprehensive
discussion and analysis of the findings are provided, placing them in a broader context to explore

their implications.



Chapter 2

Literature Review

Mental health, particularly within the academic community, has been one of the major topics of
discussion in recent years. This is due to the stress that students have to endure to meet education
and training demands. Among this vast population of students are medical students, who stand out
to be more vulnerable to mental health challenges [27]. Factors contributing to their vulnerability
include intense academic pressure, financial burdens, sleep deprivation, exposure to sickness and
death, and mistreatment during training. In developing countries like Bangladesh, understanding
and addressing the mental health needs of medical students is very important.

The purpose of this literature review is to critically examine existing studies pertaining to men-
tal health, mood disorders, suicide prediction, and related factors among medical students. By
analyzing current studies, this review aims to identify gaps, challenges, and opportunities for the
development of a machine learning model to detect suicidal tendencies among the medical students
in Bangladesh.

Several key themes and topics will be explored within the scope of this literature review. First
and foremost is the prevalence of mental health issues among medical students, both globally and
within the specific context of Bangladesh. By examining the prevalence rates and associated risk
factors, an insight can be gained into the magnitude of the problem and the factors contributing
to mental health challenges in this population.

Another major scope of this literature review revolves around medical students suffering from mood
disorders, specifically depression and anxiety. Mood disorders are common among medical students
and affect their academic success, personal and professional relationships, and general quality
of life. Researching current information regarding these mood disorders, including prevalence,
predisposing factors, and outcomes, can help to shed more light on the incidence and under-
detection issue.

Subsequently, the literature review will investigate the scope of suicide prediction through exam-
ining extant models and approaches to identifying people at risk of committing suicide. Since
suicide is a very tragic final stage of neglected mental disorders, it can affect anyone, including
medical students. By studying recent strategies in predicting this suicide and their limitations,
opportunities for creating an individually suitable and more efficient prediction model for medical
students in Bangladesh can be recognized.

This literature review will pursue a multidimensional view of the factors that may impact the
mental health outcomes of medical students. Primarily, such a multifactor approach would cover
demographic conditions, economic conditions, family and social dynamics, health-related behav-

iors, academic experiences, and lifestyle conditions. The focus on the interaction of various elements
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would help to better understand the underlying issues. Through the integration of previous works,
the research gap can be discovered. This approach will also help in guiding the workflow of this
research while minimizing knowledge gaps. This effort is aimed at minimizing suicidal tendencies

and remaining mental health determinants among this high-risk demographic.

2.1 Mental health

Mental health plays a significant role in an individual’s well-being, and it is particularly relevant
to medical students as they experience a variety of stressors and adversities during their academic
path. This section investigates the mental health of medical students both within the global
spectrum and Bangladesh by discussing the rate of individual mental health problems, major
predisposing considerations, and the impact of untreated mental health conditions across different
health outcomes.

The global prevalence rates of mental health issues among medical students are concerning, with
high rates of depression, anxiety, and burnout observed in various countries. In Namibia, over
one-third of medical students experienced depression or burnout [28]. Similarly, a mixed methods
study conducted in Bangladesh revealed at least 50% of medical students suffer from moderate
to severe stress, anxiety, and depressive symptoms [29]. Another study from the United States
showed the increased risk of anxiety and depression among medical students [30]. Furthermore,
this study also states that cultural, social, and environmental factors significantly influence mental
health prevalence. While studies reveal that positive factors like study-life balance, meaningful
relationships, and time with family positively impacts a student’s well-being, the prior statement
also means that less supportive educational climates, stigma towards mental health, and lower
intentions to seek help, contribute to the prevalence of mental health issues among medical students.
Studies have shown the presence of many risk factors that contribute to mental health challenges
among medical students. First, there are factors that belong to an individual level, including, but
not limited to, academic stress, perfectionism, imposter syndrome related to academic performance
[31]. Additionally, the second group of factors embraces institutional and systemic aspects like
absence of mental health support services for young people, over competitive environment among
medical students, high workload. In the third group, personal experiences, such as patient suffering
and patient death, may contribute to mental health further [32]. The above-mentioned risk factors
collectively lead to high levels of anxiety, depression, and burnout.

Depression, anxiety, and stress are common among students and have strong negative relationships
with GPA and academic success [33]. Health anxiety was found to compromise grades, which
indicates the importance of mental interventions to alleviate anxiety [34]. Mental health issues
affect cognitive function, attention span, and motivation, which results in decline in the grades
and scores for exams. Also, poor quality of sleep, anxiety, and depression result in decreased
academic grades [35].

Students often apply adaptive coping strategies, including acceptance, positive reframing, and
seeking support [36] which results in effective management of stress and mental health concerns.
Maladaptive coping mechanisms including substance abuse and behavioral disengagement are less
frequently utilized [37]. But coping styles may vary widely across individuals and depend on de-
terminants such as gender, level of education, and overall health [38], influencing medical students’
choices in dealing with stress. Hence, effective coping interventions and programs are needed for
medical students. Specifically, solutions like crisis management training, peer support networks,

and greater accessibility of mental health resources can effectively mitigate medical students’ stress
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and related issues [39].

Medical students have to face many barriers hindering their access to mental health support.
Multiple studies have found stigma, fear of professional retaliation, confidentiality worries, and
perceived ineffectiveness of services to be some important barriers [40, A1) [42]. The studies also
further pointed out that cultural and institutional factors also play a role which need to be taken
into account, and through destigmatization, enhancing accessibility, and integrating mental health
services into medical education, a positive impact can be achieved.

Research in psychological science focuses on how gender, race, and other identities connect to shape
mental health experiences [43]. These intersectional techniques demonstrate how gender, ethnicity,
and systematic marginalization influence mental health in a variety of communities. Understanding
these connections is critical for reducing inequities and developing effective solutions [44].
Untreated mental health issues among medical students can lead to long-term consequences. This,
over time, may become chronic, with potential for relapse and progression to more severe conditions,
impacting career satisfaction, professional competence, patient care quality and increasing risks of
substance abuse, suicide, and academic attrition [45]. Therefore, early intervention is crucial to
tackle these challenges and promote mental well-being of medical students.

Understanding the specifics of why medical students are more vulnerable to mental health issues
is prominent. One study conducted a cross-sectional survey and the results when compared with
postsecondary graduates from the general population, medical student respondents had signifi-
cantly higher rates of psychological distress, suicidal ideation, and mood and anxiety disorders
[46]. Another study found that medical students displayed worse psychological well-being and so-
cial relationships compared to the general sample [47]. Approximately half of the students reported
low quality of life in the psychological and social domains, while a quarter experienced low quality
of life in the physical health and environment domains. Although the phase of medical school did
not have a significant impact on quality of life, gender differences were pronounced, with female
students exhibiting worse physical and psychological well-being than their male counterparts.
There are also several evidence-based interventions and programs that have been formulated for
promoting the mental wellbeing of medical students [48]: mindfulness-based interventions [49],
and cognitive-behavioral therapy (CBT) programs [50] among others. Positive factors, such as
study-life balance and academic achievement, supportive study relationships with peers or parents
were reported to have a positive impact on students’ psychological well-being. Conversely, the
negative factor of educational stressors negatively impacts a student’s psychological well-being.
To integrate mental health promotion effectively, strategies like incorporating psychoeducation,
CBT, mindfulness training, and peer support programs into medical curricula and institutional
policies are crucial. Collaboration between academia, healthcare organizations, and community
resources is essential to provide comprehensive support for medical students’ mental health needs,
as unaddressed mental health issues can lead to the development of mood disorders. The next
section focuses on the different kinds of mood disorders that have a high impact on the lifestyle of

medical students.

2.2 Mood disorder

Mood disorders are a subset of the overall mental health condition that is mainly associated with
an individual’s emotional state. It impacts a person’s mood, interfering with their emotional well-
being and daily functioning. Some common examples include depression, bipolar disorder, and

suicidal ideation. Various studies around the world have highlighted high psychiatric morbidity
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and suicidal ideation, along with mood disorders, among medical students. In Bangladesh, the risk
of medical students for depression and suicidal thoughts are significantly high; many studies re-
ported its prevalence as 11% for suicidal ideation and 6.9% for attempted suicide in a Bangladeshi
study, which is double than that of general population [51]. Bangladeshi university students, ex-
periencing a high load of mental health problems and a significant rate of psychoactive medication
use (14.4%), reported past-year suicidal ideation. Trends were also observed linking urbanicity and
substance use as key risk factors during the COVID-19 pandemic [52]. As previously discussed, the
significant risk factors that fuels mood disorders among medical students include academic stress,
financial pressures, sleep deprivation, and exposure to sickness and death. These challenges, in
turn, impact their academic performance, professional relationships, and personal well-being high-
lighting the critical need for comprehensive understanding and effective treatment across different
populations along with discovering effective methods for the screening, detection and diagnosis of
mood disorders.

One essential subset of mood disorders is depression, which must be thoroughly explored when dis-
cussing mood disorders. Notably, researchers have employed various methods to detect depression,
including utilizing social media data [53] 54l 55, 56, 57, B8, (5I], where Random Forest [63] and
NLP techniques [54], 59] were employed. Additionally, studies explored unique approaches such
as combining bi-LSTM with CNN [55] 56, [57], using questionnaires with CNN [60] and stacking
algorithms [61], applying a hybrid of CNN and ANFIS to wearable sensor data [62], and using
multiple algorithms to identify genes associated with depression [63]. The use of survey data for
depression detection was found to involve techniques such as gradient-boosted decision trees [64],
Random Forest [65], and the application of LSTM with CNN and NLP [66], [67].

Some studies leveraged the use of wearable sensors and mobile applications for assessing the level
of depression [68, 69, [70] . Asare et al. used self-reported and wearable data with multiple AT algo-
rithms for depression classification in one study [68] and in another study, utilized smartphone data
and questionnaires with various AI algorithms for predicting depression [70]. On the other hand,
Dogrucu et al. employed the Moodable app for distinguishing depression and suicidal ideation
with diverse AT algorithms [69]. Furthermore, some studies have used questionnaires and survey
data to assess the depression levels of participants [71], [72] [73, [74, [75] [76] . Lyall et al. employs
different regression algorithms to identify sleep and circadian predictors [71]; Zhang et al. com-
pares multiple algorithms for depression detection [72], and Siddiqua et al. used the combination
of ten machine learning and two deep learning algorithms to predict depression reasons among
students [73]. Two studies utilize Random Forest to assess depression levels, with one focusing
on health-seeking behavior in major depressive disorder patients [74], and the latter on factors of
depressive symptoms in Chinese elderly individuals [75]. Conversely, Uddin et al. employs LSTM
and RNN to detect self-perceived symptoms in text [76]. Diagnosing depression is a challenge
that has sparked the interest of inquisitive researchers, who employed unique techniques to try to
diagnose depression among 9 individuals using unique AI models. In some studies, EEG datasets
were utilized [77, [78, [79]. One study utilized linear discriminant analysis (LDA) and linear support
vector machine (SVM) to predict depression in drug-naive patients [7], one employed multiple
algorithms [79], while another study introduced a hybrid model with bi-LSTM for depression di-
agnosis [78]. Furthermore, researchers have also leveraged data extracted from wearable devices
and mobile applications for diagnostic purposes [0} 81l [82]. They individually utilized different
approaches like DCNN [80], a combination of multiple algorithms [81] and neural networks with
weighted fuzzy membership functions (NEWFM) [82] on data extracted from wearable sensors to

make accurate diagnostic decisions.
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Screening for depression is a critical process aimed at early identification and intervention for indi-
viduals. Thus, studies have made use of various types of data to be precise with its identification,
by incorporating AT models on them [83] [84] [85] [86], [87]. Wani et al. focused on using deep learning
to identify depressive symptoms in netizens through social media content [83], while Geng et al.
optimized initial Major Depressive Disorder (MDD) screening using 5-minute ECG signals during
sleep through multiple algorithms [84]. Another study aimed to detect depression risk in a work-
ing population with digital biomarkers from wearables [85]. Additionally, [86] predicted depression
scores in adolescents using a mix of linear and non-linear machine learning techniques. In contrast,
[87] enhanced MDD screening using multiple algorithms in the EarlyDetect mobile app.

The treatment of depression is usually a combination of different techniques due to its complex
nature. Accordingly, studies have shown promising results in tracking, monitoring, and providing
optimized treatment [88], [89] [90]. One study utilizes multiple algorithms to predict MDD using
app, sensor, and questionnaire data [88], while another study observes ketamine effects on MDD
patients by applying multiple AT algorithms on genome-wide sequencing data [89]. Additionally,
Mullick et al. applied LSTM and a fully connected network to predict optimal medication for
individuals with diagnosed depression [90].

In assessing depression severity with Bengali text data, one study uses a mix of machine learning
and deep learning approaches, showcasing a diverse strategy [91]. Alternatively, another study
develops the PSYCHE-D model employing multiple algorithms on person-generated health data
for forecasting long-term depression severity increases [92]. Additionally, a separate investigation
utilizes a Gated Recurrent Unit (GRU) within a deep multitask framework, employing machine
learning models to detect depression, sentiment, and multi-label emotion from suicide notes [93].
Another very common type of mood disorder is bipolar disorder characterized by manic, hypo-
manic, or mixed episodes alongside depressive episodes, affecting approximately 0.4% to 1% of
the global population [94]. Patients with bipolar disorder often experience significant functional
impairment and medical students are no exception. Research indicates that Bipolar Disorder is
relatively common among medical students, with prevalence rates ranging from 4.5% to 26.84%
[95]. Although this condition can be managed effectively with appropriate treatment, the fear of
stigma, attitudinal barriers, and systemic obstacles often hinder medical students from seeking
help for mental health problems, potentially leading to self-harm and suicide [96]. Accordingly,
researchers have experimented with many methodologies to try and tackle this issue through novel
approaches. For early detection of bipolar disorder using questionnaire data, Bennett et al. com-
pared the performance of multiple machine learning algorithms to observe PHQ score fluctuations
[97], and Liu et al. used elastic nets, a regression model using EarlyDetect questionnaire data
[98]. Busk et al. used Bayesian regression on self-assessment data to predict mood scores of pa-
tients suffering from bipolar disorder and a support system to monitor patient condition and avoid
hospitalization [99]. Another supporting model for patients suffering from bipolar disorder used
multiple machine learning algorithms on the last 6 hospital visit data of individuals to predict their
depressive relapse [100].

When mood disorders like depression and bipolar disorder reach a certain severity without proper
treatment, patients may harm themselves, and it can often lead to suicide. In the next section,

research surrounding suicidal tendencies will be discussed in detail.



Chapter 2. Literature Review

2.3 Suicide tendency

Suicidal tendencies are characterized as a range of actions, from suicidal thoughts to suicide. Sui-
cidal ideation refers to thoughts of self-harm or suicide, whereas a suicide attempt is a determined
effort to inflict self-harm with varied degrees of severity. Completed suicide is the terrible end in
which the individual dies as a result of self-inflicted wounds. Global data on suicidal inclinations
show considerable differences across populations and geographies. According to studies, almost
800,000 individuals die by suicide each year, with low- and middle-income nations accounting for
roughly 74% [101]. However, implementing these characteristics takes time and, on their own,
may not be sufficient to significantly reduce the number of suicides. And this has not deterred
academics from seeking the best answer for this problem.

For detecting suicidal ideation, deep learning Recurrent Neural Network (RNN) algorithms such as
LSTM, BERT, and GRU along with CNN were used on social media text data [102] [103] [104] and
health records containing medical and clinical data [105]. Alternatively, the performance of multiple
10 supervised machine learning algorithms was compared using social media data [106], 107] and
survey data [L08] for the detection of suicidal ideation among people.

For the assessment of patients, the performance of multiple machine learning classification and
regression algorithms was compared using health records data [109, 110, I11], survey data [I12|
113], and social media data [114}, [I15] to develop screening tools for suicidal ideation and self-harm
behavior. Lu et al. developed a transformer encoder patient assessment model using unstructured
data to improve the prediction of suicide and self-harm [116], whereas Cho et al. developed a similar
model for suicide risk using random forest [I17]. Edgcomb et al. used CART to develop a hospital
admission screening tool that predicts the risk of hospital readmission due to suicidal behavior
[118]. To distinguish different mental states in suicidal individuals, Wang et al. developed a long-
term and short-term suicide risk prediction model using a Light gradient boosting machine [119]
and Su et al. developed a patient assessment tool that can distinguish between self-harm tendency
and suicidal ideation to identify unique risk profiles [120]. Suicide risk screening models were also
developed using speech data by analyzing voice quality, features, and fluency by comparing and
evaluating the performance of multiple machine learning algorithms [127], [122]. To provide support
and prevent suicide in individuals, Hechler et al. developed a mobile application called Thoth that
utilizes wearable sensor data, social media data, and questionnaire information to predict the risk
of suicidal ideation by applying and comparing multiple machine learning algorithms where GRU

showed the best performance [123].

2.4 Conclusion

In conclusion, the study on the mental health situation of medical students worldwide and in
Bangladesh depicted an alarming scenario. The frequency of different mental health conditions
has been very high, as well as the relative and absolute risk factors. Inequality in class, gender
differences, individual and institutional factors proved to be the important causative factors. Stud-
ies clearly implicated that the mental health conditions of medical students tend to progress and
become chronic if not treated in time. These untreated mental health problems affect not only
academic performance but also professional competence, career satisfaction, and overall well-being.
Any efforts to support the mental health of medical students must incorporate policies, informa-
tion, interventions, and approaches that are open-ended. These include reducing stigma, increasing

awareness, creating clear paths to mental health support services, and targeting supportive inter-



Chapter 2. Literature Review

ventions to support individuals cope with stress in adaptive ways. Short term, non-enduring
interventions, like mindfulness-based interventions and cognitive-behavioral therapy (CBT), have
a valuable niche and essential role in the overall management and wellbeing of medical students. At
an advanced stage, intersectional research is needed to gain a better understanding of the unique
experiences of medical students in terms of gender, ethnicity, and other identities. This can inform
future interventions.

Mood disorders, such as depression and bipolar disorder, cause significant challenges to an indi-
vidual’s mental health, and medical students are no exception. Detecting and diagnosing these
disorders require innovative approaches, where the use of artificial intelligence and wearable technol-
ogy can be beneficial. Early intervention and comprehensive treatment are essential for managing
mood disorders effectively and preventing adverse outcomes like self-harm and suicide. Table

presents the prevalence of suicide worldwide, based on a study conducted in 2022 [124].

Table 1: Suicide Rates in Major Countries (per 100,000 population)

Country Suicides per 100,000 Country Suicides per 100,000
Lesotho 87.5 Guyana 40.9
Eswatini 40.5 Kiribati 30.6
Micronesia 29 Suriname 25.9
Zimbabwe 23.6 South Africa 23.5
Mozambique 23.2 Russian Federation 21.6

Republic of Korea 21.2 Vanuatu 21

Botswana 20.2 Lithuania 20.2
Uruguay 18.8 Kazakhstan 18.1
Mongolia 18 Ukraine 17.7
Solomon Islands 17.4 Eritrea 17.3
Belarus 16.5 Montenegro 16.2
Latvia 16.1 Cameroon 15.9
Cote d’Ivoire 15.7 Cabo Verde 15.2
Togo 14.8 Somalia 14.7
Samoa 14.6 USA 14.5
Burkina Faso 14.4 Zambia 14.4
Slovenia 14 Belgium 13.9
Equatorial Guinea 13.5 Namibia 13.5
Finland 134 Chad 13.2
Gabon 13.1 India 12.9

10
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Suicidal tendencies have been found to grow among medical students according to trends, which ne-
cessitates proactive measures for detection, assessment, and prevention. Utilizing machine learning
algorithms on various data sources can help to aid in identifying and providing timely support. The
most effective machine learning models addressing suicide, as identified in the referenced studies,
are compared in Table

Table 2: Comparison of machine learning models used in previous similar researches.

Reference | Algorithms Used AUC
105 Convolutional Neural Network 0.988
108 Logistic Regression 0.83
110 Random Forest 0.7
111 Convolutional Neural Network 0.946
112 Logistic Regression 0.832
113 Logistic Regression 0.77
114 Support Vector Machine 0.68
115 Random Forest, Support Vector Machine 0.86, 0.86
117 Random Forest 0.81
118 Decision Tree 0.86
119 Gradient Boosting 0.91
120 Random Forest 0.89
121 Artificial Neural Network 0.61
129 Ensemble 0.9

Thus, a predictive model is brought forward here that further enhances early detection and inter-
vention strategies, ensuring that individuals at risk receive the appropriate mental health care and

support promptly.
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Chapter 3

Exploration of predicting suicide

ideation

This chapter explores the various techniques adopted for the prediction of suicide ideation. It
focuses on the individual, relational, societal, and cultural factors that affect risk. Moreover, it
addresses the specific challenges faced by individuals and the role of academic pressure, family dy-
namics, and mental health and its influence on suicidal thoughts. Here, the diverse data collection
methods are highlighted such as self-report questionnaires, clinical interviews, and medical records,
along with the use of standardized tools like the PHQ-9 and GHQ-28 for assessing suicide risk.
Furthermore, to predict suicide ideation, application of various machine learning algorithms have
been explored that uses social media, clinical, and unstructured data. Key evaluation metrics such
as accuracy, sensitivity, specificity, and area under the ROC curve are also talked about in this
chapter. Finally, the need to integrate cultural considerations and advanced data analytics into

suicide prevention strategies are mentioned in order to develop effective, data-driven interventions.

3.1 Suicide Ideation Risk Factor Analysis

Suicide risk is influenced by a combination of individual, relational, community, and societal fac-
tors. Some key risk factors identified in the literature include academic strain, family dynamics,
socioeconomic position, traumatic experiences, substance abuse, and psychological distress. Indi-
viduals face unique challenges that act as a catalyst to these general risk factors. According to
three separate studies, intense academic pressure and demanding parents are significant risk factors,
leading to suicidal ideation among students [52], [125], [126]. However, according to a contradictory
meta-analysis, negative mental health outcomes such as feeling depressed, burnout, having other
mental health problems at the same time, and experiencing stress were found to be the symptoms
associated with suicidal ideation and suicidal attempts. In contrast, factors such as smoking, a
family history of mental illness, and past suicidal behavior did not show a substantial increase in
the risk of suicidal thoughts [127].

3.2 Data collection and Screening tools

Collecting such data requires accurate data collection strategies. Common methods include surveys

and self-report questionnaires, clinical interviews, academic performance records, peer and faculty

12
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observations, and electronic health records. Furthermore, several standardized scales are also
being used in suicide risk research and as screening tools. One study estimating the prevalence
of depression, depressive symptoms, and suicidal ideation among students employed the Patient
Health Questionnaire (PHQ-9) as well as the General Health Questionnaire (GHQ-28) [128]. For
the purpose of screening suicidal ideation in a prospective cohort study among medical interns,
assessment tools such as PHQ-9, Risky Families Questionnaire, Generalized Anxiety Disorder 7
(GAD-T7), Medical Outcomes Study Short-Form Health Survey (SF-8), Epworth Sleepiness Scale
(ESS), and the Perceived Stress Scale (PSS) were used. Figure [1] shows the data collection tools

used in studies on suicidal ideation.

Legend

. General Students Data collection tools for suicidal ideation

I specific to Medical Students

Checklist
- PTSD Checklist (PCL-5)

)

Questionnaires
« Suicide Behaviors Questionnaire-Revised (SBQ-R)
+ Post-Traumatic Growth Inventory (PTGI)
- Spielberger State-Trait Anxiety Inventory (STAI-YB)
+ Childhood Trauma Questionnaire
- Patient Health Questionnaire (PHQ-9)
- General Health Questionnaire (GHQ-28)
- Risky Families Questionnaire
+ Medical Outcomes Study Short-Form Health Survey (SF-8)

s

Scales
- Positive Mental Health Scale (PMH)
+ Multidimensional Scale of Perceived Social Support (MSPSS)
- Rosenberg Self-Esteem Scale
- Barratt Impulsivity Scale (BIS-11)
- Depression Anxiety Stress Scale (DASS-21)
+ Insomnia Severity Index (ISI)
+ Columbia Suicide Severity Rating Scale {C-SSRS)
+ Suicide Intent Scale
« Perceived Stress Scale (PSS-4)
« Epworth Sleepiness Scale (ESS)
- Self-Esteem Scale (SES)
+ Connor-Davidson Resilience Scale
+ Self-Rating Anxiety Scale (SAS)
+ Self-Rating Depression Scale (SDS)
+ Wender Utah Rating Scale (WURS)
« Adult ADHD Self-Report Scale

s

Figure 1: Data collection tools used in studies predicting suicidal ideation.
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3.3 Cultural Specific Data Considerations

Understanding cultural context is crucial when analyzing suicide risk data. Different cultures have
varying stigmas and perceptions of mental health, which can affect how individuals report symp-
toms and seek help. For example, in some cultures, mental health issues are highly stigmatized,
leading to underreporting and reluctance to seek treatment. In Bangladesh, societal pressures and
expectations, particularly regarding academic and professional success, can contribute significantly
to mental health issues [125]. Furthermore, parental divorce, extra marital issues, blackmail, and
career restricting disabilities are unique suicidal factors of Bangladesh. In Canada, factors such as
cigarette use, clerkship, family history of mental illness, family history of suicide attempt, living
away from home, and ragged by others remain unique [127], while the year of study, age and
negative emotions are unique to China [129]. Accordingly, every country possesses unique factors
specific to its context, and this must be considered beforehand to make sure interventions are

culturally relevant, sustainable, and effective.

3.4 Types of data used in Machine Learning models

This section discusses the data needed to develop, implement, and test intervention models target-
ing suicide ideation. Studies in Section 2.4 highlight various data types used in creating suicide-
related machine learning models, including social media, questionnaires, medical records, and more
complex unstructured data like images and voice recordings. Figure 2] illustrates the frequency of

those data types in machine learning models found in the literature.

Social media Questionnaire Medical Data Image / audio / video

Figure 2: Data collection mediums used in predicting suicidal ideation.

In the context of medical students, data needs to be carefully curated to identify factors contribut-
ing to mental health challenges and suicidal ideation in an academic, medical, and social setup.
Accordingly, one study implemented a stacked ensemble Decision Tree on demographic data ex-
tracted using questionnaires (PHQ-9, SBQ-R, PTGI, PMH, MSPSS) and a checklist (PCL-5) for
accurate diagnosis of suicidal ideation [I30]. In order to identify the medical lethality of suicide
attempt, another study implemented Random Forest, Linear Regression, and Convolutional Neu-
ral Network (CNN) on the Columbia-suicide severity rating scale (C-SSRS), Suicide Intent Scale
(SIS) and collected demographic and clinical data [I31]. Screening of suicidal behaviors of uni-
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versity students in Bangladesh regarding COVID-19 were assessed using Logistic regression (LR),
Support Vector Machine (SVM), Naive Bayes (NB), Classification Tree (CT), and Random Forest
(RF) on demographic, socioeconomic and academic data collected through SBQ-R, DASS-21, ISI
[132]. Moreover, a study on predicting the probability of suicide attempts among Chinese medi-
cal college students applied Random Forest on demographical and clinical data extracted through
utilizing SAS, SDS, ESS, WURS, SES, Adult ADHD Self-Report Scale, and the Connor-Davidson
Resilience Scale [133]. These scales extract various demographic, educational, economical, general
health related, stress-related, mental health related data and more from populations, most of whom

are located in High Income Countries (HIC).

3.5 Types of algorithms used in suicide prediction

In the studies discussed in the literature, it was found that Random Forest was used the most to
predict suicidal ideation. The second most prevalent was SVM where it utilized social media data
in 4 studies, medical data in 2 studies, speech data in 2 studies, and questionnaire data in 1 study.
Other forms of supervised algorithms like logistic regression, Gradient Boosting, XGBoost, Naive
Bayes and Bayesian networks were found to be used in some studies working with medical data or
questionnaires. On the other hand, unsupervised algorithms such as CNN, LSTM, GRU, NN and
ANN sought determinants of suicidal ideation through social media data. The algorithms used in

predicting suicidal tendency is shown in Table

Table 3: Studies using different types of machine learning algorithms to train suicidal
tendency prediction models.

Reference RF | SVM | LR | DT | NB | BN [ GB | RNN | CNN | AE
[102, 103, 105] v v
[104, 123] v

106
107

NEN

[106]
[107]
[108]
[109]
[110]
[111]
[112]
[113]

[114, 121]
[115]
[116] v

[117, 120]
[118] v
[119] v
[122] v

A ENENEN
(\

b
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3.6 Types of evaluation used in suicide prediction

While a lot of evaluation metrics were used, the most common were accuracy, precision, sensitivity,
specificity, F1 score and area under the ROC curve as seen in Table [4
The proportion of correctly classified instances out of the total, which provides an overall indication

of the model’s correctness, is measured by accuracy:

TP+ FP
TP+FP+TN+FN

Accuracy =

(how many instances was the model correct about)

The true positive rate, represented by sensitivity or recall, shows how well the models identified

instances in the positive class and is crucial for tasks like identifying suicidal thoughts:

TP

Sensitivity / Recall = TP-|—7F]\T

(how many instances were correctly identified in positive class)

Specificity, the true negative rate, indicates a model’s ability to correctly identify instances in the

negative class, providing a sense of the model’s ability to avoid false alarms:

TN

SpeCIﬁCIty = m

(how many instances were correctly identified in negative class)

Precision, measuring the accuracy of positive class predictions, highlights how well the models

performed when predicting instances as positive:

. TP
Precision = TP+ FP (3.4)

(how well did the model perform in it prediction of positive class)

F1 score, representing the harmonic mean of precision and recall, offers a balanced measure of a

model’s performance, especially in scenarios with imbalanced class distributions:

Precision * Recall
F1 =2 .
Score ¥ Precision + Recall (3.5)

(how well did the model perform in it prediction of positive class)
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The ROC curve graphically illustrates the trade-off between sensitivity and specificity, allowing a
visual understanding of each model’s discrimination threshold. The AUC, representing the area
under the ROC curve, provides a single metric to compare model performance, with higher AUC
values indicating better overall performance. Figure [3| demonstrates the Area under the ROC

curve.

FPR

Figure 3: Depiction of the AuC-ROC. (TPR = True positive rate, FPR = False positive
rate, ROC = Receiver-operating characteristic, AuC = Area under curve)

Table 4: Studies using different metrics used to evaluate suicidal tendency prediction
models.

Reference Accuracy | Recall | Precision | Specificity | F1 score | AUC-ROC
[102], [105], v v v v v
[106], [107],
[111], [114],
[115]
[116], [117], v v v
[119], [120]
[110], [118], v
[123]
[103], [107]
[104], [109]
[121]
[113]
[108]
[122] v v
[123]
[112]
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<
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123
112
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3.7 Conclusion

In responding to this concerning phenomenon of suicidal ideation, particular attention should be
paid to the composition of the overall risk factors associated with this group and the specific
difficulties faced by learners. It is imperative that with the data gathered, practical and advanced
screening tools should be employed in addition to consideration of some cultural factors that could
be relevant in the development of these models. Random Forest and SVM conceptual models have
revealed potential in predicting at-risk persons with several sorts of data, including social media
data, medical history, and self-report data. By the application of these progressive approaches and
technologies, it is possible to promote a better comprehension of the subject of suicidal ideation

and apply deeper interventions designed for boosting the psychological wellbeing worldwide.
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Methodology

This chapter outlines the comprehensive approach to predicting suicide ideation risk among med-
ical students in Bangladesh. First, the data collection process has been detailed, which yielded
three distinct datasets from Bangladesh and Thailand containing various mental health indicators
and suicidal attributes. The chapter then explores the systematic data preprocessing techniques
adopted, including handling missing values, encoding categorical variables, and normalizing nu-
merical features. Next, the employment of four feature selection methods: LASSO regulariza-
tion, Pearson’s correlation, Sequential Forward Selection, and Weighted Sum Feature Selection
are shown to identify the most relevant predictors. The chapter further elaborates the imple-
mentation of four supervised machine learning algorithms (Logistic Regression, Random Forest,
Support Vector Machines, and Decision Trees), discussing the specifics of hyperparameter tuning
for optimal performance. Finally, the evaluation metrics are presented, which includes accuracy,
sensitivity, specificity, precision, F1 score, AUC, and Cohen’s Kappa to comprehensively assess

model effectiveness.

4.1 Data Collection

Medical student datasets from low and middle-income countries (LMIC) were searched for thor-
oughly, and two datasets from Bangladesh and one from Thailand were acquired successfully.
These datasets met our criteria for including medical data with suicidal attributes, either through
questionnaires or calculated scales. Initially, the search was conducted for datasets of Bangladesh
or LMIC origin that met our criteria. However, due to class imbalance, search was continued for
additional datasets but eventually halted when no more public datasets were available.

The first dataset, Dataset A, conducted a cross-sectional study on mental health, suicidal behav-
iors, and suicide literacy among Bangladeshi undergraduate dental students. Here, a total of 487
students participated, with 468 included in the final analysis, utilizing a questionnaire covering
various aspects such as socio-demographics, psychiatric history, depression, anxiety, suicidal be-
haviors, literacy, and stigma [134]. This dataset had no symptom based item included, instead it
focused on collecting various categories of data such as Demography, Lifestyle, Economical, Ed-
ucational, Medical History, Mental Health History and Family History data. Total attributes in
Dataset A are 37 among which “Suicidal Plan” has been selected as the target variable. Table
shows the first 4 items of the dataset with all the features.
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Table 5: Features and data of first 4 rows from Dataset 1

Features Row 1 Row 2 Row 3 Row 4
Gender Female Female Male Male
Location Outside Outside Inside Inside

Year of study Third Year First year Third Year Second Year
Permanent residency Urban Urban Rural Rural
Religion Islam Islam Islam Islam
Family type Nuclear Join Nuclear Join

Family monthly income

More than 30000

More than 30000

Less Than 15000

More than 30000

Cigarette smoker

Not Smoker

Not Smoker

Not Smoker

Not Smoker

Psychoactive substance user Not Not Not Not
Chronic physical disease since last year No No No No
Family mental illness history Yes No No No
Family suicide history No No No No
Family suicide attempt history No No No No
Chronic psychological sufferings since last year Yes No No No
Post-traumatic events since last year Yes No No No
Suicidal Attempt Lifetime No No No No
Suicidal Plan Month No No No No

The second dataset was curated from November 2020 to December 2020 at Enam Medical College
and Hospital which is situated in Savar, Dhaka, Bangladesh. It is a web-based questionnaire to
collect data from private medical students, employing the Beck Depression Inventory IT (BDI-II)
scale to measure depression and suicidal ideation to perform a cross-sectional web based survey
[135]. The dataset collected many symptom based data alongside various categories of data such as
Demographic, Lifestyle, Economical, Educational and Family History. Total attributes in Dataset
B are 35 among which “Suicidal Thoughts” has been selected as the target variable. This is the
9th item from the Beck Depression Inventory II (BDI-II). Table [6] shows the first 4 items of the
dataset with all the features.

Table 6: Features and data of first 4 rows from Dataset 2

Features Row 1 Row 2 Row 3 Row 4
Gender Male Female Male Female
Age 20-23 years 24 years and above 20-23 years 20-23 years
Marital Status Single Married Single Single
Family Type Adjunct Family Adjunct Family Adjunct Family | Adjunct Family
Family Problems? Absent Present Present Absent
Family History of Depression Yes Yes No Yes
Additional Earnings No Yes No No
Study Year 1st 5th 3rd 1st
Failed Subjects No No Yes No
Monthly Family Income Above 120000 Tk | 81000-120000 Tk | 10000-40000 Tk | 81000-120000 Tk
Alcohol Use None None None None
Drug Addiction None None None None
Relationship Status In a good relation Never had any Never had any Never had any
+ 21-items of the Beck Depression Inventory IT (BDI-IT)

The third dataset, Dataset C, was created as part of a cross-sectional study to investigate the
prevalence and associated factors of depression in medical students from Northern Thailand, Chiang
Mai University [136]. The authors of this dataset extracted general demographic data such as sex,
age, year of study, hometown, relationship status, financial status, accommodations, underlying
diseases (including mental health difficulties and substance usage), and family psychiatric history.

Furthermore, they also extracted psychiatric problems, depression and protective factors using
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multiple scales. Total attributes in Dataset C are 152 among which “Suicidal Ideation” has been
selected as the target variable. Table [7] shows the first 4 items of the dataset with all the features.

Table 7: Student Characteristics and Survey Responses

Features Row 1 Row 2 Row 3 Row 4

Gender female male female female

Age 17 18 19 19

Hometown Bangkok Chiang Chiang Northern
Mai Mai

Repeater no no no no

Educational Year 1 1 1 1

Relationship Status Other Other Other Single

Income 5000 7000 7000 5000

Enough Income yes yes yes yes

Live With parent Alone Alone parent

Living Place House House House Apartment

Psychiatric Consultation no no no no

Psychiatric Disorder no no no no

Mood no no no no

Other Psychiatric Disorder no no no no

Medical Comorbid no no no yes

Major Depressive Disorder no no no no

Bipolar no no no no

GAD no no no no

ADHD no no no no

Adjustment no no no no

Other (Eating / Trichotillomania / | no no no no

OCD / Insomnia)

Asthma no no no no

Allergy no no no yes

Dyspepsia no no no no

Thyroid no no no no

PCOS no no no no

G6PD no no no no

Other Medical Comorbid (HT/DM) no no no no

Drink Frequency no yes yes Once a

week

Drink Amount no no no yes

Peer Pressure Alcohol no no no yes

Stress Alcohol no no no no

Insomnia Alcohol no no no no

Ever Smoke Never Never Never Never

Reason Smoking no smoking | no smoking | no smoking | no smoking

Peer Pressure Smoke no no no no
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(Continued from previous page)

Features Row 1 Row 2 Row 3 Row 4
Stress Smoke no no no no
Other Reason Smoke no no no no
Ever Use a Substance no no no no
Family Psychiatric Problem no no no no
Current Psychiatric Symptoms no no no no
Treating Psychiatric Symptoms no no no no
Onset of Psychiatric Symptoms no psychi- | no psychi- | no psychi- | no psychi-
atric prob- | atric prob- | atric prob- | atric prob-
lem lem lem lem
Stress Due to Education no yes yes yes
Stress Due to Finance no no no no
Stress Due to Friend Relationships no yes yes yes
Stress Due to Romantic Relationships | no no no no
Stress Due to Family Relationships no no no yes
Stress Due to Teacher Relationships no no no no
Stress Due to Physical Health yes no no yes
Stress Due to Mental Health yes no yes yes
Stress Due to Living Place no no no no
Stress Due to Future/Career no no no no
Stress Due to Other no no no no
Stress Due to Relationships yes yes yes yes
Stress Due to Health yes no yes yes
Stress Due to Others no no no no
Difficult Social Relations 7 yes
Enough Grade 10 9 6
Bore to Learn 4 4 7
Apply to Wrong Faculty no no no no
Emotional Exhaustion high high low low
Depersonalization high high high low
Personal Efficacy low high high high
Burnout no no no no
Current Game yes yes no no
Suicidal Ideation Several Not at all Not at all Several
days days

Some important attributes of the three datasets are shown in Table Furthermore, Table [
contains the categories of data collected by each dataset.
4.2 Data Preprocessing

All the datasets went through the same data preprocessing techniques to ensure uniformity. This
process included handling missing values, analyzing the collected data, removing duplicates &

redundant data (scales and questionnaire), label encoding and normalization. In this section, the
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Table 8: Attributes of the selected datasets.

Medical
Bangladesh Publication | Data Total Positive Negative
Datasets Student
Data Backed Columns Items Class Class
Data
Dataset A | v v X 37 468 15 453
Dataset B | v v v 35 237 172 65
Dataset C | X v v 152 706 88 618

Table 9: Categories of data covered by the selected datasets.

Categories Dataset A Dataset B Dataset C
Demographic v v v
Lifestyle v v v
FEconomical v v v
Educational v v v
Symptom X v v
Medical History v X v
Mental Health History v X v
Family History v v X

preprocessing of the collected data will be explained in detail.

All datasets were carefully inspected for missing values manually, as the absence of information
can introduce potential bias. Dataset A had 3 rows with missing values, which were subsequently
dropped because the values represented a small percentage of the overall dataset and their removal
would have minimal impact on the analysis. On the other hand, Dataset B and Dataset C had no
missing values. For the next step, all the features were plotted as a bar graph individually for each
dataset to visualize the distribution of the classes. Valuable insights such as the “equal number
of male and female participants”, “low overall count of alcohol intake” among participants were
identified from all the datasets. Such information about the attributes or columns helped to make
decisions in the upcoming steps. Furthermore, this step was crucial in identifying redundant values
from the dataset that were identified and removed.

Since the majority of data items in the datasets were categorical, label encoding was incorporated.
This method was selected based on the previous data analysis step to ensure consistency and
control over the encoding process for each column.

Finally, after incorporating label encoding for the categorical data, Min-Max normalization was
performed on the numerical features. Min-Max normalization scales the data to a specific range
(typically 0 to 1), preserving the relationships between the values while putting them on a common
scale. This normalization was applied to ensure that all features contribute equally to the analysis

and prevent any feature from dominating the model due to its scale.

4.3 Feature Selection

Feature selection is crucial in machine learning as it helps in improving model performance by
selecting the most relevant features while reducing noise and redundancy [137]. In this study, four

feature selection techniques namely LASSO or L1 Regularization, Pearson’s Correlation Coeffi-
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cient, Sequential Forward selection, and Weighted Sum Feature Selection were considered. Below
are the detailed descriptions and comparisons of each method. The Least Absolute Shrinkage and
Selection Operator (LASSO), which is an embedded method, attempts to select features that have
a significant impact on the prediction. It performs feature selection and regularization simulta-
neously by introducing a penalty term which directs the coefficients of less important features to
shrink to zero. The Pearson’s correlation coefficient has been implemented as the filter method
which selects features based on the correlation between each variable and the target variable. The
features with the highest correlation coefficient are considered for further steps. This method helps
to identify the features that have a notable impact on the target variable from a statistical point
of view. The sequential feature selection technique (SFS), a wrapper method, has been selected
due to its efficiency in selecting relevant features while maintaining good performance [I38]. This
technique incrementally adds features to an empty set until a stopping criterion has been reached.
This ensures that the model is concise yet effective, improving interpretability and computational
performance [139]. However, Sequential Forward Selection (SFS) is a greedy approach that gener-
ates locally optimal choices rather than a globally optimal solution. It selects the locally optimal
feature set without considering the global effect. As a result, it often fails to consistently identify
the most relevant features as the training sets change, and it is frequently unable to eliminate
redundant features from the feature space.

Thus, a Weighted Sum feature selection algorithm has been chosen as the final feature selection
strategy for comparison [140]. WSFS overcomes the limitations of SFS by selecting the most
relevant feature independently with changes captured in the training set. This approach involves
partitioning of the training set into k folds for cross validation and assesses the current fold using
SFS with ranked features for identifying suboptimal features set. When each of the evaluations
is complete, the features involved are weighted according to the contribution made, and a total
weight is then derived. Lastly, all the features are divided into k overlapping partitions with the
help of total weight and then the subset with maximum accuracy is selected as the optimal feature

set of classification.

4.4 Model Training

Before moving towards feature selection, it is important to make sure that our target variable is
balanced, which is crucial for mitigating bias and ensuring fairness in decision-making processes.
Studies emphasize that imbalance in training data, particularly in protected attributes, can result
in higher levels of unfairness in the output [I41]. The Synthetic Minority Oversampling Technique
(SMOTE) has been implemented to overcome the issue of oversampling and learning from imbal-
anced data as it is considered to be one of the most influential data preprocessing and sampling
algorithms in machine learning and data mining [142]. Finally, after balancing the positive and
negative classes of the target variable, the model is then ready to be trained.

Four supervised learning algorithms were selected, namely Logistic Regression (LR), Random
Forest (RF), Support Vector Machines (SVM) and Decision Trees (DT) to train the model.

For the environment setup, the Jupyter Notebook was utilized along with the help of the scikit-learn

library.
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4.4.1 Logistic Regression

LR is a simplified version of the Generalized Linear Model (GLM) operator, which uses probability
ideas to connect an independent variable (x) to a dependent variable (y). In binary regression, the
input values (x) usually indicate two classes (0 or 1) [143]. The input values are merged linearly
with coefficient values or weights to get an output value (y). This method creates a regression
model to estimate the likelihood that input data belongs to a given labeled class, which might
be '0’ or '1’. One such study involving a questionnaire dataset of Korean adolescents applied
multiple ML algorithms, where LR delivered the best performance [I44]. Through the use of the
sigmoid function of logistic regression, the study predicted the odds ratio for each observation to
be classified as positive or negative.

In this study, an L1 penalty was utilized for regularization, known as Lasso regularization. L1 reg-
ularization adds a penalty equal to the absolute value of the coeflicients’ magnitudes, encouraging
simpler models with fewer non-zero coefficients. Additionally, the ‘liblinear’ solver was employed,
chosen for its effectiveness with small datasets and its compatibility with L1 regularization, making
it ideal for our dataset. Lastly, the ‘max_iter=1000‘ parameter was set to control the maximum
number of iterations for the solver to converge in the logistic regression algorithm, ensuring con-

vergence within a specified limit.

4.4.2 Random Forest

The random forest algorithm (RF) based on the aggregation of ensembles of decision trees created
through recursive bootstrapping [145]. They are a popular ensemble method in machine learning,
known for their ability to handle complex data effectively. They have been extensively utilized
in various domains such as medicine, microbiology, and symptom diagnosis [146]. Accordingly,
one study conducted a survey among medical students and implemented Random Forest on the
collected data to effectively and accurately identify the probability of suicide attempts [133].

In this study, the Random Forest classifier is defined without any specific hyperparameters, allowing
them to be tuned later. GridSearchCV is then utilized with a predefined grid of hyperparame-
ters (n_estimators, max_depth, min_samples_split, and min_samples_leaf) to perform an exhaustive
search for the best combination of these parameters through cross-validation. The ‘n estimators’
parameter determines the number of trees in the forest, ‘max depth’ controls the maximum depth
of the trees, ‘min_samples_split’ sets the minimum number of samples required to split an internal
node, and ‘min_samples_leaf’ specifies the minimum number of samples needed to be at a leaf
node. This grid of hyperparameters is used in conjunction with GridSearchCV, which exhaus-
tively searches through these combinations via 5-fold cross-validation to find the optimal set of

hyperparameters that yields the best model performance.

4.4.3 Support Vector Machine

Support Vector Machines (SVM) is a supervised machine learning technique designed for binary
classification tasks, where it works by separating data points in a high-dimensional space into two
classes using a hyperplane. This hyperplane is positioned to maximize the gap, known as the
‘margin,” between the hyperplane and the support vectors. The traditional SVM is effective for
linearly separable data [147]. Additionally, the kernel coefficient (gamma) influences the shape
of the decision boundary, impacting the model’s flexibility and generalization capability. Many

studies have made use of SVM’s capability of handling both classification and regression tasks.
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One study even concluded that SVM can be used to develop the best predictive algorithm to
identify at-risk university students with suicidal ideation/behaviors [132].

For this study, all datasets were preprocessed by standardizing the features using StandardScaler.
A linear kernel was used and to control the regularization strength, GridSearchCV was used to

tune the SVM’s hyperparameter 'C’.

4.4.4 Decision Trees

The Decision Tree (DT) model uses a tree-like structure to analyze data and determine target
values [I48]. It segments data recursively until all points are in specific classes. The tree consists
of a root, internal nodes with test conditions, and leaf nodes with class labels. Node creation follows
a top-down approach with two stages: tree construction and pruning [I49]. Predictions are based
on majority samples at leaf nodes during training, and values in leaves are averaged for numerical
predictions. One study used a type of decision tree to assess predictor combinations, automate
feature selection, and construct a model optimized for clinical interpretability in a computationally
efficient way [150].

In this study, the features of the datasets were standardized first using StandardScaler, The script
then proceeds to use GridSearchCV to search through a grid of hyperparameters for the Decision
Tree, such as 'max_depth’ which defines the maximum depth of the tree, 'min_samples_split’ which
defines the minimum number of samples required to split an internal node, and 'min_samples_leaf’,
which define the minimum number of samples required to be at a leaf node. All these hyperparam-
eters collectively determine the structure and complexity of the tree. The best hyperparameters

are chosen based on cross-validation.

4.5 Model Evaluation

For the evaluation of the selected machine learning models, the metrics selected are based on
previously conducted studies in this domain, namely, Accuracy, Sensitivity or recall, Specificity,
Precision, F1 score and AUC. Additionally, we employed another metric called the Cohen’s Kappa.
We used this to measure the agreement between the actual and predicted labels while accounting
for chance agreement, as it also takes into account the possibility of the agreement occurring by
chance. Cohen’s Kappa is particularly useful when evaluating the performance of classifiers in
situations where there might be an imbalance in the distribution of classes. Since all three selected
datasets had the issue of imbalance, we opted to use this for evaluating the performance of our
classifiers to ensure a more accurate assessment of their effectiveness. A visual representation of

the complete methodology is provided in Figure [4]

4.6 Conclusion

This chapter details the methodology for developing and evaluating models to predict suicide
ideation risk among medical students. The process started with collecting publicly available
datasets focused on LMIC, followed by data cleaning and preprocessing, which included han-
dling missing values, converting categorical data to numeric using label encoding, and applying
min-max normalization. These steps were crucial for preparing the datasets for effective model

training. SMOTE was used as the data balancing technique to address class imbalance. This
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Figure 4: Complete methodology of the prediction model.
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ensured that the machine learning models could perform well on both the minority and major-
ity classes, thereby improving the generalization of the models. Feature selection was done using
four different methods, LASSO, Sequential Feature Selection, Weighted Sum Feature Selection
and Pearson’s correlation coefficient to identify the most relevant features for predicting suicide
ideation. The methodology focused on training and evaluating four machine learning algorithms:
Logistic Regression (LR), Support Vector Machine (SVM), Decision Tree (DT), and Random For-
est (RF). The hyperparameters of these models were optimized using grid search combined with
5-fold cross-validation, ensuring that the models were fine-tuned to achieve the best performance.
The evaluation metrics used for this study are: accuracy, sensitivity, specificity, precision, F1 score,
area under the ROC curve (AUC), and Cohen’s Kappa.. The results of the predictive models will
be discussed in detail in the next chapter.



Chapter 5

Result Analysis

This chapter evaluates the performance of a suicide ideation prediction model developed by apply-
ing several machine learning algorithms on 3 medical student datasets. Additionally, the influence
of various feature selection methods on these models are explored, with the aim of determining
the most effective combinations of these approaches to enhance the accuracy and reliability of a
suicide ideation prediction model.

Initially, Lasso was chosen as the feature selection method due to its success in similar studies.
It was applied on all three datasets to select the relevant features before training the machine
learning algorithms. Results show that Random Forest achieved the best performance, with a
mean accuracy of 91%. Decision Trees performed well, with a mean accuracy of 86%. Logistic
Regression and SVM also showed acceptable metrics, with mean accuracy of 80%. The reliability
of these results is further supported by other metrics, particularly Cohen’s Kappa, where Random
Forest consistently achieved higher values, indicating stronger agreement and model performance.
The mean model performance of all datasets using LASSO is shown in figure [§] represented as a
bar graph.
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Figure 5: Mean model performance using Lasso feature selection.

Additionally, other feature selection techniques were explored to observe the effect on the model

performance, namely Pearson’s Correlation Coefficient (PCC), Sequential Forward Selection (SFS)
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and the Weighted Sum Feature Selection (WSFS). Among these techniques, WSFS significantly
improved the performance of the algorithms and datasets. It delivered with the highest accuracy,
precision, and AUC, particularly with Random Forest, where it achieved 97% accuracy and 99%
AUC on Dataset A, and 92% accuracy along with 98% AUC on Dataset C. One exception oc-
curred when the model had been developed using Dataset B, where LASSO outperformed WSFS.
Conversely, WSFS benefitted other algorithms like Decision Trees and Logistic Regression that
showed strong and stable performance due to higher Kappa scores. Pearson’s Correlation Coeffi-
cient (PCC) also resulted in moderate performance. While Random Forest manages to produce
acceptable results with mean accuracy of 85%, the results are notably weaker than with WSFS or
Lasso. SFS achieved acceptable results with Random Forest (mean accuracy 85%) and Decision
Tree (mean accuracy 79%), but showed poor performance for SVM and Logistic Regression, with a
mean accuracy of 69% each. Specificity values fluctuated for both the algorithms, but the f1 scores
were similar, though Logistic Regression often edged out SVM, achieving better balance between
precision and recall. Furthermore, both SFS and PCC produced low Kappa scores, indicating
poorer agreement between the predicted and actual classifications. Figure [f]and [7]help to visualize

and compare the mean performance of each feature selection.
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Figure 6: Bar graph comparison of all the feature selection methods and the algorithms.
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Figure 7: Box plot diagram for comparison of all the feature selection methods and the
algorithms.
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In general, Random Forest gave the best results followed by Decision Trees while Logistic Regression
and SVM showed competing performance giving almost same accuracy readings for most of the
cases. For all three datasets, Random Forest showed the best performing model with features
selected using WSFS in Dataset A and C (see Table [L0] and [11]), and using LASSO in Dataset B
(see Table . Thus, comparing the overall performance, Random Forest with features selected
using WSFS performed the best with a mean accuracy of 92% backed by Cohen’s Kappa value of
0.84. Table summarizes the results of all developed prediction models and their evaluations,
sorted in descending order as the best performing model.

Table 10: Best features selected by WSFS in Dataset A.

Gender

Family suicide history

Year of study

Chronic psychological sufferings since last year

Family monthly income

Post-traumatic events since last year

Psychoactive substance user

Suicidal Attempt Lifetime

Table 11: Best features selected by WSF'S in Dataset C.

Hometown

Allergy

Stress due to Relationship with
one’s beloved

Enough Income

Peer pressure alcohol

Stress due to Relationship with
family

Live with (House mem-
bers)

Stress alcohol

Stress due to Relationship with
instructor

Living place

Treating psychiatric

symptoms

Stress due to Physical health

Medical comorbidity

Difficult social relation

Stress due to Mental health

Apply to wrong faculty

Enough grade

Stress due to Living place

Emotional exhaustion

Bore to learn

Stress due to Health: Physical
and mental

Depersonalization

Playing game

Stress due to financial problem

Personal efficacy

Stress due to Living
place, future, political
issue, family’s health

Stress due to Relationship with
friends

Table 12: Best features selected by LASSO in Dataset B.

Family Problems

Punishment Feelings

Changes in
Pattern

Sleeping

Kind of drug addicted
to

Self Dislike

Tiredness or Fatigue

Past Failure

Worthlessness

Loss of Interest in Sex
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Table 13: Comprehensive Performance Metrics Comparison Across

Datasets and Algorithms

Algo. Dataset| Feature| Acc. Prec. Recall/ | Spec. | F1 | Cohen’s | AUC
Selec- Sens. Kappa
tion
RF 1 WSFS 0.97 0.97 0.98 0.97 | 0.97 | 0.95 0.99
RF 1 Lasso 0.96 0.97 0.95 0.97 | 0.96 | 0.92 0.99
DT 1 WSFS 0.96 0.97 0.96 0.97 | 0.96 | 0.92 0.97
RF 1 SFS 0.95 0.96 0.95 0.96 | 0.95 | 0.91 0.97
DT 1 Lasso 0.94 0.96 0.93 0.96 | 0.84 | 0.89 0.97
DT 1 P Corr. | 0.90 0.93 0.86 0.93 | 0.89 | 0.80 0.96
DT 1 SFS 0.90 0.90 0.90 0.90 | 0.90 | 0.80 0.94
RF 1 P Corr. | 0.89 0.92 0.86 0.92 | 0.89 | 0.79 0.95
LR 1 Lasso 0.88 0.88 0.89 0.88 | 0.88 | 0.77 0.92
LR 1 WSFS 0.88 0.87 0.89 0.86 | 0.88 | 0.75 0.93
SVM 1 Lasso 0.87 0.88 0.87 0.88 | 0.97 | 0.75 0.94
SVM 1 WSFE'S 0.87 0.87 0.88 0.86 | 0.87 | 0.75 0.94
LR 1 P Corr. | 0.81 0.88 0.73 0.90 | 0.80 | 0.63 0.86
SVM 1 P Corr. | 0.81 0.87 0.73 0.89 | 0.80 | 0.63 0.89
SVM 1 SFS 0.67 0.67 0.68 0.66 | 0.67 | 0.34 0.76
LR 1 SFS 0.66 0.66 0.68 0.65 | 0.67 | 0.33 0.75
RF 2 Lasso 0.87 0.87 0.87 0.87 | 0.87 | 0.74 0.93
RF 2 WSFS 0.86 0.88 0.84 0.88 | 0.86 | 0.73 0.93
DT 2 Lasso 0.85 0.84 0.85 0.84 | 0.85 | 0.69 0.88
RF 2 SFS 0.81 0.86 0.74 0.88 | 0.80 | 0.63 0.86
DT 2 SES 0.79 0.87 0.69 0.90 | 0.77 | 0.59 0.83
DT 2 WSFS 0.79 0.80 0.78 0.80 | 0.79 | 0.58 0.84
LR 2 Lasso 0.79 0.80 0.76 0.81 | 0.78 | 0.58 0.86
SVM 2 Lasso 0.79 0.80 0.77 0.81 | 0.78 | 0.58 0.86
RF 2 P Corr. | 0.78 0.64 0.42 0.91 | 0.50 | 0.37 0.80
LR 2 P Corr. | 0.76 0.56 0.48 0.86 | 0.52 | 0.35 0.80
SVM 2 P Corr. | 0.76 0.59 0.42 0.89 | 0.49 | 0.34 0.78
DT 2 P Corr. | 0.74 0.54 0.40 0.87 | 0.46 | 0.30 0.71
LR 2 SFS 0.74 0.77 0.68 0.80 | 0.72 | 0.48 0.79
SVM 2 SES 0.74 0.78 0.67 0.81 | 0.72 | 0.48 0.80
LR 2 WSFS 0.70 0.70 0.70 0.70 | 0.70 | 0.40 0.80
SVM 2 WSFS 0.69 0.69 0.70 0.68 | 0.70 | 0.38 0.79
RF 3 WSFS 0.92 0.90 0.94 0.90 | 0.92 | 0.84 0.98
RF 3 Lasso 0.90 0.89 0.91 0.88 | 0.90 | 0.79 0.96
RF 3 P Corr. | 0.89 0.87 0.91 0.86 | 0.89 | 0.77 0.96
DT 3 WSFS 0.81 0.79 0.83 0.78 | 0.80 | 0.61 0.85
RF 3 SFS 0.80 0.76 0.87 0.72 | 0.81 | 0.59 0.90
DT 3 Lasso 0.80 0.79 0.80 0.79 | 0.80 | 0.59 0.86

Continued on next page
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Table 13 — Continued from previous page

Algo. Dataset| Feature| Acc. Prec. Recall/ | Spec. | F1 | Cohen’s | AUC

Selec- Sens. Kappa

tion
DT 3 P Corr. | 0.78 0.76 0.82 0.73 | 0.79 | 0.56 0.83
LR 3 WSFS 0.78 0.74 0.86 0.70 | 0.80 | 0.56 0.83
SVM 3 WSFS 0.78 0.74 0.86 0.69 | 0.79 | 0.55 0.81
LR 3 P Corr. | 0.76 0.76 0.75 0.76 | 0.76 | 0.52 0.83
SVM 3 P Corr. | 0.76 0.76 0.77 0.75 | 0.76 | 0.52 0.82
LR 3 Lasso 0.73 0.72 0.76 0.70 | 0.74 | 0.50 0.79
SVM 3 Lasso 0.73 0.72 0.76 0.70 | 0.74 | 0.46 0.80
DT 3 SES 0.67 0.64 0.79 0.56 | 0.71 | 0.35 0.75
LR 3 SFS 0.67 0.66 0.69 0.64 | 0.68 | 0.33 0.72
SVM 3 SFS 0.67 0.66 0.69 0.65 | 0.67 | 0.33 0.72

Moreover, a secondary experiment was conducted to validate the model, where two datasets were
combined and validated by the third. The three datasets were analyzed to identify common
features, with the resulting features presented below:

e Suicidal Thoughts

e Family History of depression

e Year of Study

e Monthly Family Income

e Addicted to Drugs

e Type of Family

e Gender
After identifying the common features, the Leave One Out (LOO) approach was taken where two
datasets were combined to be one training set while the remaining one dataset was used for testing.
This process was repeated three times, with each dataset taking a turn as the test set.
First, a model with medical student datasets from Bangladesh (Dataset B) and from Thailand
(Dataset C) were combined and trained to try to predict suicide risks among Dental students from
Bangladesh (Dataset A). The model showed poor performance overall because Cohen’s Kappa gave

a negative result for both logistic regression and Random Forest. Table [14] shows the evaluation of
this model.
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Table 14:  Trained with Medical Student Datasets from Bangladesh (Dataset B) and
Thailand (Dataset C). Tested with Dental Student Dataset from Bangladesh (Dataset A)
Dataset A | Acc. Prec. Recall / | Spec. F1 Score | Cohen’s | AUC
Sensitivity Kappa
LR 0.29 0.02 0.53 0.29 0.05 -0.02 0.51
RF 0.6 0.27 0.33 0.61 0.05 -0.01 0.4
SVM 0.44 0.38 0.67 0.44 0.07 0.01 0.57
DT 0.53 0.04 0.6 0.53 0.08 0.02 0.51

Next, the model with dental student dataset from Bangladesh (Dataset A) and medical student
dataset from Thailand (Dataset C) were combined and trained to try to predict suicide risks among
medical students from Bangladesh (Dataset B). This model also showed below par performance
overall because the value of Cohen’s Kappa for all the algorithms were close to 0. Table

showcases the evaluation of this model.

Table 15: Trained with Dental student dataset from Bangladesh (Dataset A) and Medical
Student Dataset from Thailand (Dataset C). Tested with Medical Student Dataset from
Bangladesh (Dataset B)

Dataset B | Acc. Prec. Recall / | Spec. F1 Score | Cohen’s | AUC
Sensitivity Kappa

LR 0.47 0.3 0.69 0.39 0.42 0.06 0.62

RF 0.43 0.28 0.68 0.34 0.39 0.01 0.45

SVM 0.5 0.25 0.42 0.53 0.31 -0.05 0.44

DT 0.45 0.28 0.63 0.38 0.39 0.01 0.49

Finally, the model with dental student dataset from Bangladesh (Dataset A) and medical student
dataset from Bangladesh (Dataset B) were combined and trained to try to predict suicide risks
among medical students from Thailand (Dataset C). This model also failed to show good perfor-
mance given Random Forest and Decision Trees showcased negative Kappa values. Although SVM
had an accuracy of 77%, the Kappa value was 0.03. Table showcases the evaluation of this

model.

Table 16: Trained with Dental student dataset from Bangladesh (Dataset A) + Medical
Student Dataset from Bangladesh (Dataset B). Tested with Medical Student Dataset from
Thailand (Dataset C)

Dataset C | Acc. Prec. Recall / | Spec. F1 Score | Cohen’s | AUC
Sensitivity Kappa

LR 0.69 0.14 0.3 0.75 0.19 0.03 0.51

RF 0.49 0.12 0.5 0.49 0.19 -0.003 0.45

SVM 0.77 0.15 0.17 0.86 0.16 0.03 0.49

DT 0.51 0.1 0.38 0.53 0.16 -0.04 0.45
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Chapter 6

Conclusion

Since the research on this topic is scarce, the contents of this chapter has been continued separately
to provide a clearer picture of suicidal ideation among medical students. In this study, three
datasets were accumulated which resulted in some specific outcomes which will be analyzed in
this chapter. The details of the research findings including the performance of the prediction
models, which of them was more effective in predicting suicide risks, variability, and analyzing
the performance metrics will be discussed. Additionally, the rationale for selecting the particular
techniques of feature selection featured in this study will be analyzed here. Moreover, the results
of the combination of the three datasets for predicting suicidal outcomes will be discussed here.
Several limitations and challenges have been encountered that have either hindered or slowed down
the processes for this research. Thus, more time was required to accomplish this research, which
altered an initially planned approach. Such limitations and challenges had to be overcome through
specific methods and approaches, which will be discussed in this chapter. Lastly, on the basis
of the research scope of this study highlighted in the research objectives above, future scope and
recommendation will be given to the research community to conduct further research to extend

this topic.

6.1 Model performance

Among the implemented algorithms, Random Forest generally exhibited better performance in
most cases. It was highly effective in handling the complexities of the selected features in all
datasets with high accuracy and Cohen’s Kappa scores, making it suitable for medical setups.
Furthermore, both recall and sensitivity are balanced, which indicates that the model is effective
in identifying true positives (sensitivity) while maintaining a strong ability to avoid false negatives
(high recall). The AUC scores, which consistently approach 0.99 across different feature selection
methods, demonstrate the Random Forest’s excellent ability to differentiate between classes. Its
ensemble approach along with tree based structure employs bagging that reduces overfitting and
allows it to perform well even with varied and imbalanced data, leading to higher accuracy and
reliability.

Decision Tree also achieved strong performance with high accuracy and Kappa scores in maximum
cases. It achieved high precision, recall, and F1 scores in the simpler datasets, with accuracy
reaching up to 0.96 and Cohen’s Kappa as high as 0.92, indicating effective classification and
agreement between predicted and actual labels. However, Decision Trees are prone to overfitting,

which impacts their performance on more complex datasets. For instance, the lowest accuracy was
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found to be as low as 0.67 and the Cohen’s Kappa to be as low as 0.35. Additionally, even though
the AUC scores remain relatively high, the model’s performance declined with complex datasets and
less effective feature selection methods. This explains that Decision Trees are powerful in simpler
settings such as in Dataset A with in predicting suicide ideation when features were selected using
PCC. But, their generalizability issues make them less robust compared to ensemble methods like
Random Forest.

In the case of Logistic Regression and Support Vector Machine provided, they barely provided
acceptable performance overall, with accuracy generally around 0.87 to 0.88. SVM however showed
more variability in precision and recall. It captured higher true positives along with false positives.
Logistic regression maintained a more consistent balance comparatively. Cohen’s Kappa scores
also suggested moderate agreement, particularly in cases of lower accuracy. These algorithms rely
on simpler, linear relationships, and given the nature of the selected features, they were not able

to capture the complexity of suicidal ideation.

6.2 Effects of Feature Selection method used

The four feature selection methods demonstrated a mixed result based on the algorithms and
datasets. LASSO consistently delivered strong results across all algorithms, especially for Random
Forest and Decision Tree, where it maintained accuracy above 85% across most datasets. Its ability
to minimize overfitting by penalizing less relevant features likely contributed to its high precision
and specificity, as demonstrated in the SVM with Dataset A (0.88 precision, 0.88 specificity)
and Random Forest with Dataset A (0.97 accuracy, 0.97 specificity). Lasso’s regularization also
likely enhanced model generalization, evident from the stable performance metrics across different
datasets.

As for WSFS, it performed comparably well, achieving the highest overall performance through
Dataset A. The weighting features based on importance contributed to the robustness of WSFS,
making it very effective for ensemble models like Random Forest. However, for SVM, WSFS dis-
played varying results, ranging from high performance in Dataset A (0.87 accuracy, 0.87 precision)
to a significant drop in Dataset B (0.69 accuracy, 0.69 precision). This shows that WSFS may be
more sensitive to dataset structure or feature redundancy. SFS on the other hand was beneficial
for simpler models, but showed limited effectiveness with more complex datasets and algorithms.
Its performance with SVM was generally lower compared to Lasso or WSFS, as seen in Dataset
C (0.67 accuracy, 0.66 precision). SFS often resulted in lower recall and F1 scores, suggesting
that its greedy selection process, which chooses features sequentially based on individual contri-
bution, might overlook combinations of features that work synergistically. This can explain why
SFS performed better with Random Forest on Dataset B (0.81 accuracy) than SVM or Logistic
Regression.

Pearson’s Correlation Coefficient struggled in several cases, especially with algorithms like Deci-
sion Tree and Logistic Regression on Dataset B (0.54 accuracy, 0.40 recall for Decision Tree). The
limitation of Pearson’s correlation in capturing nonlinear relationships between features likely hin-
dered its effectiveness with these models. Despite this, Pearson’s Correlation did show reasonable
performance with Random Forest and SVM in some datasets (e.g., Random Forest on Dataset C
with 0.89 accuracy), highlighting its utility when linear correlations dominate the feature space.
All in all, it can be concluded that Lasso proved to be the most reliable feature selection method
across different algorithms and datasets when it comes to handling both complex and simple data

structures. WSF'S proved to be highly effective with ensemble methods and on more structured
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datasets, while SFS and Pearson’s Correlation are better suited for smaller or simpler feature

spaces.

6.3 Data type and predictability

The three datasets in this study cover a variety of demographic, educational, family, lifestyle, and
mental health factors.

In Dataset A, regardless of the feature selection technique used, standalone and ensemble tree based
algorithms (Decision Trees and Random Forest respectively) effectively managed the complex,
non-linear relationships by properly identifying and utilizing key features such as chronic physical
disease, psychoactive substance use etc. The same cannot be said for SVM and Logistic Regression
since they performed well only after being paired with LASSO and WSFS. Here, both LASSO and
WSF'S focused on selecting the most informative variables, such as 'Family mental illness history’
and 'Chronic psychological sufferings since last year,” while eliminating less relevant features like
'Religion’ and ’Cigarette-smoker.” As a result, dimensionality and noise were reduced, which
enhanced model accuracy and generalization. As for Pearson’s Correlation and SFS, they could
not effectively prioritize the most impactful features due to their linearity, leading to suboptimal
model performance.

In Dataset B, which is rich in symptom-related variables (e.g., sadness, loss of pleasure) and in-
cludes demographic and educational data, LASSO consistently showed strong performance with
various algorithms. Lasso’s ability to reduce dimensionality and focus on the most relevant vari-
ables proved beneficial, particularly in models using Logistic Regression and Decision Trees. With
Logistic Regression, Lasso helped isolate key predictors of Suicidal Thoughts, achieving high ac-
curacy and precision. WSFS also provided notable performance improvements, especially with
Random Forests, which effectively handled the wide range of symptom variables by weighting
them appropriately. SFS, on the other hand, struggled in this dataset due to its sequential ap-
proach, which may have missed critical feature interactions related to symptoms and mental health.
Pearson’s Correlation was limited in capturing the non-linear relationships within the symptom
variables, which led to less effective performance in models like Logistic Regression.

For Dataset C, which encompasses a broad array of stress-related, lifestyle, and medical history
variables, Lasso was again highly effective, particularly in combination with SVM and Decision
Trees. The regularization technique of Lasso helped manage the extensive feature set by selecting
the most impactful features, contributing to high accuracy and precision with SVM and Decision
Trees. WSFS proved beneficial with Random Forests, as it effectively handled the dataset’s com-
plexity by weighting diverse features such as financial stress and emotional exhaustion. SFS faced
challenges in this dataset, as its sequential feature selection was less adept at managing the interac-
tions among a wide variety of features, leading to lower performance metrics. Pearson’s Correlation
struggled with capturing the non-linear and complex relationships among stressors and lifestyle
factors, which impacted its effectiveness in models like Logistic Regression and Decision Trees.
The interaction between feature selection methods and machine learning algorithms significantly
impacted model performance across datasets. Lasso consistently demonstrated its strength in han-
dling high-dimensional data by focusing on relevant features, while WSFS excelled in scenarios
requiring weighted feature importance. SFS and Pearson’s Correlation faced limitations in manag-
ing complex, non-linear relationships and high-dimensional feature sets. The choice of algorithm
also played a crucial role, with Decision Trees and Random Forests often outperforming SVM and

Logistic Regression in handling intricate feature interactions and non-linear relationships within
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the datasets.

Furthermore, while evaluating the performance of feature selection techniques, it was observed that
WSFS (Weighted Sum Feature Selection) achieves the best accuracy for Dataset A and Dataset C.
Such results suggest that the technique was particularly suitable for identifying potential feature
sets that effectively captured the details of each dataset, thereby enhancing the model’s predictive
power. It can be concluded that since Dataset A had fewer features compared to Dataset C, it
gave the best results, which may indicate a case of overfitting. However, Dataset C had a more
diverse number of data categories, along with a vast number of symptom based data, mental health
history data and lifestyle data extracted for each sample. WSFS applied on a dataset with this
type of complex attribute selects features more accurately. On the other hand, for Dataset B,
the best algorithm originated from utilizing LASSO for feature selection in each experiment. The
reason for the success in this particular case may have been because of the function that is able to
handle variable selection and regularization. It can also be due to the fact that LASSO had more
symptom based data compared to the other categories of data to deal with.

For the poorer performing cases, a varied pattern of performance was found across different
datasets. For Dataset A, it was observed that Logistic Regression and SVM algorithms exhibited
the worst performance when using features selected by the forward Sequential Forward Selection
(SFS). This output may be due to the fact that the particular subset of features chosen by SFS
did not align well with the predictive needs of these models for this dataset, leading to suboptimal
results. Additionally, the sequential nature of SF'S can lead to the inclusion of features that, while
individually significant, collectively introduce redundancy or multicollinearity, further degrading
the performance of these linear classifiers. This mismatch between the selected features and the
capabilities of Logistic Regression and SVM likely results in their poor performance on Dataset
A. Conversely, for Dataset B, Logistic Regression and SVM classifiers showed the lowest accuracy
levels when WSFS was employed to select features. WSFS selects features that favor non-linear
interactions and complex models, which these linear classifiers cannot effectively leverage. This
inconsistency highlights how different feature selection methods can significantly impact the effi-
cacy of algorithms depending on the dataset in question. Also, Decision Tree and Random Forest
models showed the poorest performance in dataset B when features were selected using Pearson’s
Correlation Coefficient. This outcome suggests that Pearson’s Correlation Coefficient might not
be an effective feature selection method for these particular tree-based algorithms, potentially due
to its focus on linear relationships, which might not capture the complex interactions required for
these models. This approach may overlook important nonlinear interactions, which are crucial for
these models. Additionally, Dataset B contains a large number of symptom features (20), which
could be highly correlated with each other, leading to redundancy. Pearson’s correlation might also
inadequately handle categorical features from demographic, lifestyle, economical, and educational
categories, resulting in a suboptimal feature set that fails to enhance model performance.

When the features were selected using SFS on Dataset C, all algorithms performed poorly. This
widespread inefficacy indicates a broader issue with the suitability of SFS for feature selection
within this dataset, affecting a diverse range of models. The reason for such results may be
due to the high number of features, particularly in the lifestyle (12), medical history (7), and
mental health history (15) categories. This abundance increases the likelihood of redundancy and
multicollinearity, complicating the feature selection process. SFS, which adds features one by one
based on their individual contribution to model performance, may struggle to effectively discern
the most informative features amidst the large, diverse, and potentially correlated feature set,

leading to suboptimal model performance.

37



Chapter 6. Conclusion

6.4 Combination of datasets

In the second approach, the common attributes of the datasets were combined to check if medical
student data from Bangladesh and overseas can be merged to create a good prediction model. The
result of all three models showed poor performance. Specifically, negative Cohen’s Kappa values
of the logistic regression and Random Forest models imply that the models poorly generalize
the suicide risks among Dental students from Bangladesh based on combined datasets of Medical
students from Bangladesh and Thailand; the poor alignment of predicted and actual labels can
also be essential for poor performance. Some reasons for this poor quality could be the lack of
some features from the combined datasets (Dataset B and C) to the target dataset (Dataset A)
and potential data imbalance or class distribution issues in Dataset A.

The model combining the dental student dataset from Bangladesh (Dataset A) and the medical
student dataset from Thailand (Dataset C) to predict suicide risks among medical students from
Bangladesh (Dataset B) showed poor performance indicated by Cohen’s Kappa values close to
0 across all algorithms. Potential explanations may cover such areas as the small overlap of
features of the general dental student population and medical student population respectively to
provide adequate learning of predictors for the suicide risks among the latter. In the same way,
dental and medical students might have been unsuitable samples for crossover because contextual,
demographic, or risk factors could have hampered the models’ applicability further. These create
a necessity to ensure that datasets used in model development are compatible, especially when
developing models across populations and domains of endeavor.

The combined model using dental student dataset from Bangladesh (Dataset A) and medical
student dataset from Bangladesh (Dataset B) to predict suicide risks among medical students
from Thailand (Dataset C) resulted in yet another poor performance, identified by negative Cohen’s
Kappa values that was particular to both Random Forest and Decision Trees. The negative Kappa
values mean that there was a higher disagreement between the predicted and the actual labels,
thus providing evidence that the models’ decisions were inaccurate and arbitrary. The issues
may be arising from major differences between the training set (Dental & Medical students from
Bangladesh) and the target set (Medical students from Thailand).

6.5 Comparison with existing models

Research regarding suicide prediction models of medical students have been circulating for a while
now. However, no articles regarding suicide have been formally introduced in the research field of
Bangladesh, let alone medical students. Therefore, the results of this study will be compared to
similar studies related to suicide prediction from a global perspective.

Among all the studies in the literature regarding suicide risk prediction, our model performed
the best, comparatively. When WSFS was run on Dataset A to select features, Random Forest
provided an accuracy of 0.97 and an AUC of 0.99. Zuromski et al. predicted suicide attempts
among soldiers, achieving an AUC of 0.77 [I13] Rus Prelog et al. achieved an AUC of 0.83 while
[112]. Su et al. ran the prediction model on two datasets, where an accuracy of 0.81 was achieved
on the self harm dataset and 0.88 was achieved on the suicide attempt dataset [120]. Wang et al.
achieved an AUC of 0.901 while trying to predict suicidal ideation among middle-aged populations

[119], thus showing that our model had the best accuracy comparatively.
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6.6 Limitation

Although collection of the three datasets were completed successfully, for the purpose of this study,
there were fewer items in all the dataset resulting in a class imbalance. This affected the credibility
and validity of our work, as the data distributions for the classes were not balanced, which limited
our ability to generalize our conclusion. Additionally, it was evident that the feature variables in
these datasets were not standardized and presented other complications. Issues related to data
formatting and scaling, thus, rendered the information as not very compatible with each other
for effective analysis and had a negative impact on the results of the combination model. These
limitations highlight the need for data quality and preprocessing in machine learning research,
especially when the resources that are available for data collection and preparation are limited.
The dataset A is prone to bias since no validation of any sort was conducted, nor were any physi-
cians or psychiatrists appointed to validate the items of the dataset to be collected. Although
datasets B and C are research backed that use scale data as well, the datasets still remain limited.
Furthermore, data from LMIC is a bit scarce when compared to data being used in already imple-
mented real world applications, assessments and diagnostic tools. Even those included within the
public domain from lower middle-income countries such as Bangladesh do not necessarily encapsu-
late the relevant socio-cultural factors required. This lack of data that is unique to the respondent’s
culture posed to be a limitation in this study, which in turn also limited the extensiveness of the
impact on the phenomena of interest. We initially thought of curating a dataset that would have
been appropriate for our research, but due to resource and time constraints, we proceeded with
available public datasets. Nonetheless, this research offers new insights into the possibilities and
limitations of employing pre-existing datasets from LMICs.

Advanced techniques like deep learning and large language models (LLMs) offer significant poten-
tial. However, their complexity and high computational demand was a limitation in this study,
which did not allow moving forward in this path due to resource constraints. Therefore, well-
established and validated techniques were deliberately used for the problem at hand, ensuring
robust and actionable outcomes at the cost of limiting our ability to capture complex relationships
in the data.

This study is first and foremost about an attempt to design a machine learning model for probable
suicide risk assessment among Bangladeshi students with the help of multiple surveys datasets.
The focus is based on the possibility of using Al technologies in managing mental health challenges
specific to this population. For the purpose of increasing the efficiency of the predictive models,
the study pays special attention to the aspect of classification of data depending on their cultural
relevance. Therefore, unlike similar studies that offer general solutions, the research presented
herein targets Bangladeshi medical students with the idea of offering specific solutions.

To overcome the issue of bias due to oversampling and to develop a better quality of model,
balancing the dataset while carrying out extensive data preprocessing techniques was attempted.
Additionally, in order to create a medical suicide risk prediction for the identified students, four
machine learning algorithms were used: Decision Trees, Logistic Regression, Random Forest, and
SVM. This kind of approach helped to reduce the subjectivity of the analysis and also contributed
to the increase in the stability of the predictive indicators. Having reviewed these algorithms,
the best model for estimating suicide risks in this regard is determined. The outcome revealed
the promise of ML in providing insights and solutions to mental health concerns of Bangladeshi
learners.

Furthermore, evaluation of the performance of four feature selection algorithms across various
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datasets has been conducted to assess their impact on predictive accuracy. These algorithms
included Sequential Forward Selection Forward (SFS), Weighted Sum Feature Selection (WSFS),
Lasso regression, and Pearson’s correlation coefficient. Our study focused on finding out which of
the methods can be used to improve the feature set and improve the predictive suicide risk model
for Bangladeshi medical students. In this way, optimization of the feature selection process of the
model to identify the most robust predictors of suicide risk in the Bangladeshi student population
can be found. This makes the model more accurate and adaptable to solve problems in real life
situations.

Further, to improve the prediction accuracy of suicide risk, the possibility of merging the three
datasets was examined. A detailed exploration on how the combination of these datasets affected
the performance of the given predictive models is also provided. Lastly, the detected studies
were critically reviewed towards determining whether the proposed model offers a proper way
of identifying and evaluating all the significant risk factors of suicide amongst the Bangladeshi
medical students. This investigation was intended to determine if a multisite approach could
provide a better identification of suicide risk factors unique to Bangladeshi students. In this way,
relevant findings are provided that would help in designing specific approaches and actions that
would support positive mental health amongst young people.

Future research should prioritize broadening the scope and enhancing the effectiveness of predictive
models for assessing suicide risks in Bangladesh. While locally developed risk tools and scales can
be used for risk assessment, their accuracy has not been well validated. Through the use of this
research, an application to assess the mental state of medical students can be developed, which
will be used for identifying individuals at risk of suicide. Additionally, those selected students can
be allocated to appropriate psychiatrists based on their specific needs. Also, an early intervention
tool for suicide prevention can be created to treat at-risk medical students to reduce suicide rates

in Bangladesh.
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