
Machine Learning for Predicting Postpartum Depression

and Suicidal Tendencies in Bangladesh

By

Faria Tuz Zohora

ID: 012221044

Submitted in Partial Fulfillment of the Requirements For the Degree of Master of

Science in Computer Science and Engineering

September 20,2024

Department of Computer Science and Engineering

United International University



Approval Certificate
This thesis titled “Machine Learning for Predicting Postpartum Depression and Suicidal Tendencies

in Bangladesh” submitted by Faria Tuz Zohora, Student ID: 012221044, has been accepted

as Satisfactory in fulfillment of the requirement for the degree of Master of Science in Computer

Science and Engineering on 31st December, 2024.

Board of Examiners

1. Supervisor

Dr. Khondaker Abdullah Al Mamun

Professor & Director - AIMS Lab

Department of CSE

United International University

Dhaka, Bangladesh

2. Head Examiner

Dr. Novia Nurain

Assistant Professor,

Department of CSE

United International University

Dhaka, Bangladesh

3. Examiner-I

Dr. Riasat Azim

Assistant Professor

Department of CSE

United International University

Dhaka, Bangladesh

4. Examiner-II

Ms. Rubaiya Rahtin Khan

Assistant Professor,

Department of CSE

United International University

Dhaka, Bangladesh

5. Ex-Officio

Prof. Dr. Md. Motaharul Islam

Professor and Director of MSCSE

Department of CSE

United International University

Dhaka, Bangladesh

i



Declaration
This is to certify that the work entitled “Machine Learning for Predicting Postpartum

Depression and Suicidal Tendencies in Bangladesh” is the outcome of the research carried

out by me under the supervision of Professor Dr. Khondaker Abdullah Al Mamun.

Faria Tuz Zohora

Student ID: 012221044

Department of CSE

United International University

Dhaka, Bangladesh

In my capacity as supervisor of the candidate’s thesis, I certify that the above statements are true

to the best of my knowledge.

Dr. Khondaker Abdullah Al Mamun

Professor & Director - AIMS Lab

Department of CSE

United International University

Dhaka, Bangladesh

ii



Abstract

Postpartum depression (PPD) has become a significant mental health disorder affecting mothers

across the world, with prevalence rates of 6% in high-income countries (HICs) and 20% in low-

middle-income countries (LMICs) leading to serious consequences for maternal and neonatal health.

In countries like Bangladesh, PPD remains a critical issue, contributing to maternal suicides due

to the overwhelming psychological burden. The condition often goes undiagnosed in such regions

due to cultural stigma surrounding mental health and a lack of education, preventing mothers

from seeking help. This thesis aims to develop a machine learning model using symptom and

behavioral data, to detect suicidal ideation in women with PPD, reducing diagnostic delay for early

intervention and improving access to care by recommending mental health resources. Additionally,

the study investigates the influence of various feature selection methods, namely, expert-selected

features, Sequential Feature Selection (SFS), and Pearson’s correlation (PCC) as well as balancing

techniques such as undersampling and oversampling on model performance, developed using four

machine learning algorithms; Decision Tree (DT), Logistic Regression (LR), Random Forest (RF)

and Support Vector Machine (SVM). Random Forest, trained using the original unsampled dataset

and expert-selected features, gave the best performance across other models when using various

feature selection techniques and sampling approaches. Decision Trees are also reasonably accurate

while Logistic Regression and Support Vector Machines, on the other hand, are less suitable for this

prediction. While expert-selected features give the best outcome, it is also identified that PCC-

selected features are most beneficial for LR and SVM while tree-based classifiers are benefited

more with features selected by SFS. Comparisons with existing research reveal that the developed

models achieve good performance, with AUC values ranging from 0.86 to 0.98 for Random Forest

and Decision Tree, outperforming the PPD and suicide prediction models from existing research.
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Chapter 1

Introduction

This chapter introduces postpartum depression and its association with suicidal ideation in Bangladesh.

This encapsulates the motivations behind this research, the aims of creating predictive models, as

well as where future contributions may lie in maternal mental healthcare. The chapter also demon-

strates the wider work within the context of reproductive health challenges while underscoring the

transformative opportunity that machine learning affords to proactively engage vulnerable popu-

lations.

1.1 Background

Sexual and Reproductive Health and Rights (SRHR) has long been recognized as a fundamental

component of global public health and gender equity initiatives [1, 2]. While significant progress

has been made in this field over the years, it is crucial to acknowledge that many challenges still

exist, particularly in addressing the mental health aspects of sexual and reproductive experiences.

One such challenge is the occurrence of depression and the associated risk of suicidal tendencies

among postpartum individuals. During the postpartum period, a mother is overwhelmed with

the biological stress in her body and the new responsibility for the well-being of an infant. This

makes new mothers more vulnerable to Postpartum depression (PPD) also known as postnatal

depression (PND). PPD is a mental health condition that affects mothers typically within one

year after childbirth [3]. Even though the exact cause of PPD is unclear, several factors can

contribute to individuals having PPD, such as high expectations from society, health issues during

and after pregnancy, transitioning into parenthood, newborn’s health and development, getting

support from friends and family, mental health and wellbeing before giving birth, sleep deprivation

and getting the postpartum care new mothers need [4]. While it is a global concern, its numbers

impacting mothers vary significantly across different regions of the world. Observed during a

systematic review, developing countries and low-middle-income countries (LMICs) face issues with

higher PPD rates, reaching up to 20% [5], in contrast to developed nations, where prevalence

ranges between 6% and 13% as seen in another systematic review [6]. Bangladesh, as a densely

populated South Asian nation, is no exception to this disparity. The population in Bangladesh has

a widespread living condition, from rural areas to urban areas. Research within Bangladesh has

unveiled alarming PPD rates, ranging from 18% in rural regions [7] to an even more concerning

22% in urban areas [8]. Conversely, the slum dwellers, despite being citizens of cities, suffer from

an astonishing 39% of PPD [9]. Cohort studies have also found that biological, psychosocial,

economic, hormonal, and social factors and domestic violence by husband and in-laws have been

1



Chapter 1. Introduction

linked with PPD in Bangladeshi mothers [10, 11].

PPD is not only detrimental to the individual but also impairs families and communities. Research

on maternal and infant-related outcomes proves that PPD impacts the personality of the mother

and the health of the child [12]. The findings also indicate that PPD affects the physical well-

being of the infant and also disrupts the infant’s emotional and cognitive development due to

the decreased interaction between the mother and the infant as the mother is depressed, and has

depression symptoms such as disrupted sadness, agitation, extreme fatigue, preoccupation, suicidal

ideation, anxiety, mental confusion, low maternal self-esteem, limited parenting self-efficacy, intense

shame and guilt, psychomotor disturbances, and cognitive impairments [11, 13]. Additionally, PPD

has other related conditions including hypertension, diabetes, hyperlipidemia, stroke, along with

suicidal feelings [14]. The correlation with suicide factors is in a new dimension since new mothers

suffering from PPD often want to escape the situation. Evidence suggests that PPD significantly

raises the risk of suicide, with a shorter time to suicide following childbirth [14, 15].

1.2 Motivation

Traditional methods of diagnosing PPD and observing suicidal tendencies depend heavily on clinical

assessments by healthcare providers and self-reporting by individuals with symptoms of PPD.

However, these traditional methods have limitations in the case of Bangladesh. There is a lack of

awareness and education of mental health in this country, due to the cultural attributes and stigma

surrounding mental health which leads to underreporting of PPD and its associated symptoms in

this region [16]. Furthermore, the health system in Bangladesh faces a scarcity of skilled workforce

in mental health care and there is a need for more trained professionals to provide adequate care

and services, making it challenging to provide timely and effective support to all postpartum

individuals who may need it [17].

Artificial Intelligence (AI) has the potential to be a useful tool in helping with the above-mentioned

problems. It has been utilized in different sectors of healthcare for data analysis, improving patient

engagement, building predictive models, as well as helping healthcare professionals with resource

allocation and decision-making [18]. AI applies sophisticated algorithms to ‘learn’ features from a

large volume of healthcare data and then uses the obtained insights to assist clinical practitioners in

delivering improved diagnoses. It can also be equipped with learning and self-correcting abilities to

improve its accuracy based on feedback [19]. These healthcare professional assisting tools developed

using machine learning algorithms propose methods of early detection of PPD [20] and predicting

the risk of suicidal tendencies in patients suffering from mental disorders.

1.3 Objectives

This study aims to utilize machine learning algorithms to predict PPD and suicidal tendencies

in individuals after childbirth, using symptoms and behavioral data with the potential to create

a patient assessment tool that clinicians and healthcare providers can use for early diagnosis of

patients with PPD and suicidal ideation. The objectives of this research are as follows:

• To reduce diagnosis delay: PPD can occur anytime within the first year after childbirth.

Using this prediction model, healthcare professionals can screen new mothers for PPD when

they visit a clinic for their postpartum checkup.

2



Chapter 1. Introduction

• To improve access to care: The machine learning model will be able to identify patients who

are at high risk of suicidal ideation, allowing them to prioritize these patients for immediate

counseling, ensuring that they receive the necessary mental health support.

• To assist with resource allocation: Patients labeled as high-risk for suicidal ideation can

be recommended to see experienced psychiatrists, ensuring that mental health resources

are efficiently allocated and that high-risk individuals receive timely, personalized care for

effective intervention.

1.4 Contribution

In this research, a PPD-caused suicide prediction model is proposed with the purpose of early

identification of individuals at risk of suicide in Bangladesh.

• The performance of the most effective machine learning algorithm along with their hyper-

parameter combination when applied to PPD data was explored.

• One systematic review is published in the Maternal Mental Health (MMH) and Sexual and

Reproductive Health and Rights (SRHR) research community.

• One journal as a model being developed is in preparation to be published in the Maternal

Mental Health (MMH) and Sexual and Reproductive Health and Rights (SRHR) research

community.

1.5 Outline of thesis

The sections of this thesis are organized as follows:

• Chapter 1 introduces the motivation, objective, and outcome of this study.

• Chapter II provides a literature review summarizing the background of PPD with sexual

health, reproductive health, and mental health context.

• Chapter III explores the previous studies on PPD data analysis, PPD prediction models,

and suicidal tendency prediction models.

• Chapter IV, introduces the methodology behind our PPD-caused suicidal tendency predic-

tion model.

• Chapter V presents the results and evaluates model performance using accuracy, precision,

sensitivity, specificity, and the area under the ROC curve.

• Chapter VI, analyses the findings with comprehensive discussion, placing them in a broader

context to explore their implication and explores the future scope of our contribution.

3



Chapter 2

Literature Review

In this chapter, the existing literature related to PPD and its dimensions is explored, with a fo-

cus on reproductive health, sexual health, and mental health. While PPD is not directly part of

reproductive health or sexual health, it is very closely associated with these health sectors, either

as the cause of developing this disorder or as the lead symptoms and risk factors of identifying

patients who suffer from this disorder. Also, the reason for exploring these health sectors within

the framework of PPD lies in their strong impact on maternal well-being during the postpartum

period. Reproductive health covers complications encompassing pregnancy and childbirth. These

difficulties can cause significant physical and emotional stress along with hormonal fluctuations,

increasing vulnerability to PPD. Moreover, challenges in breastfeeding can contribute to the emo-

tional burden of not being able to feed or bond with the newborn. After childbirth, many women

can experience changes in their sexual health that take a toll on their overall well-being. Issues

such as decreased libido, pain during intercourse, and body image concerns are some common

challenges that mothers face after childbirth. The stress and frustration can increase the risk of

or lead to the onset of PPD. All these physical and emotional changes after birth can also affect

the relationship with their partner, adding more to the emotional vulnerabilities and potentially

triggering depressive symptoms. Following this section, mental health disorders named anxiety

and mood disorders will be explored to give a better understanding of how these issues are being

addressed with machine learning.

After exploring the mentioned health sectors, the literature review will focus specifically on existing

research about PPD, highlighting the problems associated with PPD and the solutions proposed

by researchers using artificial intelligence. We will examine the existing literature that has paved

the way for our novel research aimed at predicting suicidal tendencies among postpartum patients

in Bangladesh.

2.1 Sexual and Reproductive Health and Rights

This section highlights the importance of addressing sexual and reproductive health and rights

issues to mitigate the risk of PPD. The integration of Artificial Intelligence and machine learning in

reproductive health research offers promising solutions to improve outcomes and support maternal

mental health, ultimately contributing to better PPD detection and prevention strategies. This

health sector covers various critical issues that women face before, during, and after pregnancy as

seen in Figure 1, but for this literature review, only the components of sexual and reproductive

health that can contribute to PPD are explored. Advances in technology, such as IoT devices and

4



Chapter 2. Literature Review

machine learning, are revolutionizing maternal health monitoring by enabling early detection and

intervention for these complications.

Figure 1: Components of Sexual and Reproductive Health.

2.1.1 Pregnancy health risk

During pregnancy, there are several health risks that women may experience, which necessitate

careful monitoring and management. Some common health risks include gestational diabetes,

gestational hypertension, preeclampsia, placental abruption, placenta previa, and preterm labor.

These complications often require increased medical intervention and monitoring, adding stress

and anxiety during pregnancy. Moreover, the additional physical discomfort and fear of poten-

tial adverse outcomes for both the mother and the baby can add to the stress, increasing the

vulnerability to depression.

For real-time health monitoring of mothers during pregnancy using IoT devices, [21] applies CNN

and [22] tests multiple machine learning algorithms on data collected using biosensors. Similarly,

[23] uses a CNN model for maternal health monitoring, specifically during ambulatory services,

and compares it to other traditional machine learning algorithms. Their model alerts medical

staff when high-risk health status is predicted and makes decision-supporting classifications to

help clinicians make better diagnoses as well. Moreover, predictive models for assessing health

risks during pregnancy using patient medical data are discussed in [24, 25] that predict potential

complications that are specific to the patient. In addition to health risk prediction using random

forest, [26] suggests the utilization of a blockchain-based maternal health information system to

ensure timely assistance and prevent incorrect treatments by healthcare providers. The implemen-

tation of blockchain technology offers inherent immutability, preventing unauthorized editing or

manipulation of data. To predict the risk of both maternal and fetal mortality by analyzing the

factors leading to health risk, [27, 28] tests multiple machine learning classification algorithms on

patient medical data, with Random Forest demonstrating the best performance. A similar study to

predict the risk of maternal mortality is recommended by [29] using gradient boosting algorithms

and [30] using a hybrid ensemble of XGboost and Catboost.

5



Chapter 2. Literature Review

[31, 32, 33, 34] discuss gestational hypertension, which refers to high blood pressure during preg-

nancy, increasing the chance of preeclampsia and other complications such as damage to the

kidneys, liver, and placenta. A classification model for the risk assessment of women suffering

pregnancy-induced hypertension is proposed in [31] where multiple machine learning algorithms

are tested on patients’ medical, lifestyle, and history data. [32] focus on urinary metabolites’ data

for the prediction of gestational hypertension, where decision tree and gradient boost showed the

highest accuracy compared to other models tested. [33] focuses on predicting the risk of women

developing preeclampsia by applying multiple machine learning algorithms on patient medical data

and comparing the results to help healthcare providers with early detection of gestational hyper-

tension, treatment, and recovery. [34] proposes a similar model using patients’ blood work data

for the assessment of pre-eclampsia. For studies focusing on the placenta, an organ that develops

in the uterus during pregnancy that provides the fetus with oxygen and nutrients while removing

waste, Alexander D. Gleed et al. suggested a deep learning-based assessment tool to determine the

position of the placenta from ultrasonogram video clips [35]. A placenta-related complication is

placenta accreta, also known as placental invasion, which is a condition where the placenta attaches

abnormally deep into the uterine wall and even into nearby organs such as the bladder or bowel,

depending on the severity. [36] focuses on diagnosing placental accreta and the level of invasion

from MR radionics images using CNN, and [37] recommended a similar model using deep dynamic

convolutional neural network (DDCNN). Munetoshi Akazawa et al. predict the risk of postpartum

hemorrhage, by building a deep learning model comprised of two layers of neural network and

an ensemble machine learning using five different classification algorithms for early detection of

postpartum hemorrhage and stratification of high-risk patients to help health care providers with

timely prevention and treatment [38].

Preterm birth is defined as birth before completing 37 weeks of pregnancy, which can increase the

risk of neonatal mortality and morbidity. Yina Wu et al. created a time series hybrid model using

prenatal examination and medical records, to predict the estimated delivery date, by applying

Gradient Boosting Decision Tree with Gated Recurrent Unit (GBDT–GRU) [39]. Similarly, to

predict the estimated week of delivery and classify high-risk pregnancies for preterm birth, [40]

tested multiple types of machine learning algorithms, where extreme gradient boosting showed

the best results. [41] also applied multiple machine learning algorithms on prenatal patient data,

medical history, and family history to develop a preterm birth prediction model where multi-layer

perceptron (MLP) was the best-performing classification algorithm. [42] took a different approach

to predict the risk of spontaneous preterm birth by applying Deep Neural Networks (DNN) on

cervix ultrasound Shear Wave Elasticity (SWE) imaging, a technique used to measure cervix

elasticity.

2.1.2 Childbirth complications

The experience of childbirth can be a significant factor in the onset of PPD. Emergency C-sections,

induced labor, or other unforeseen complications can lead to feelings of loss of control and fear

during delivery. Additionally, the physical pain and recovery process, combined with the respon-

sibilities of caring for a newborn, can be overwhelming, leaving new mothers vulnerable to PPD,

as they may struggle to cope with the demands of their new role and the recovery process simul-

taneously.

Childbirth can take place by normal delivery, by induced delivery using hormone injection, and by

cesarean section. [43] focuses on birth mode prediction using bagging ensemble classifiers on survey

data to help healthcare providers with early detection of patients who may need cesarean section

6



Chapter 2. Literature Review

and reduce the number of unnecessary surgeries that can lead to complications for both the mother

and child. Similarly, [44] applies Random Forest with hyperparameter optimization tuning using

the Henry Gas Solubility Optimization (HGSO) algorithm to predict the chances of a cesarean

section. Tingting Hu et al. propose a prediction model for early classification of the success of

induced birth within 3 days of administering Oxytocin [45]. They applied multiple machine learning

algorithms on maternal and fetal characteristics data, where logistic regression showed the best

performance and accuracy. Through the use of deep learning on ultrasound SWE imaging, an

attempt to predict the success of induced labor has been discussed in [42]. A high percentage of

maternal mortality rate is due to the absence of skilled assistance during childbirth. [46] and [47]

suggest a classification model by applying and testing multiple machine learning algorithms for

early stratification of women who need skilled assistance during childbirth to allocate resources

in situations with scarcity of skilled professionals. Another predictive model presented by Brooke

Tesfaye et al. presents the use of multiple classification algorithms to identify the determinants of

the use of skilled delivery services from survey data, and they found that a decision tree framework,

namely, J48, performed the best in identifying women who were more likely to give birth outside a

health facility [48]. [49] uses LASSO regularized logistic regression to develop a predictive model

for assessing the vulnerability of machine learning models to adversarial attacks by testing it using

One-At-a-Time (OAT) adversarial attacks.

2.1.3 Pregnancy loss

Pregnancy loss, including miscarriage and stillbirth, has a profound emotional impact. For women

who experience a subsequent pregnancy, the fear of another loss can overshadow the joy of the

new pregnancy, leading to chronic anxiety and stress. Additionally, societal pressures and a lack

of understanding about the depth of such loss can leave mothers feeling isolated and unsupported,

further increasing the risk of depression after childbirth.

Miscarriage is known as the loss of pregnancy within 20 weeks of gestational age. Jingying Huang

et al. proposed a model that applies and tests six different machine learning algorithms to predict

threatened miscarriage in the first trimester of pregnancy through the assessment of patients’

AEA, P4, and β-hCG hormone levels [50]. Logistic regression gave the most accurate results to

help clinicians provide active treatments for avoiding miscarriage. Alternatively, the authors of

[51] focus on the use of the Artificial Neural Network (ANN) for predicting the risk of spontaneous

miscarriage from Raman spectroscopy data of endometrial tissue, since it performed best compared

to other models. [52] suggests a similar predictive model in an IoT mobile application where a

K-means algorithm is applied to user-provided data and real-time sensor data to predict the risk

of miscarriage. Stillbirth is known as a fetus having no signs of life before extraction from the

mother after 20 weeks of gestational age. [53] presents multiple machine learning algorithms as

a classification model along with ensemble learning to predict the risk of early stillbirth, late

stillbirth, and preterm birth. Light gradient boosting machine (LGBM) and weighted average

(WA) ensemble gave the best results on both the datasets used.

2.1.4 Sexual and gender-based violence

Sexual violence is an alarming and widespread problem that tragically impacts people from various

backgrounds, irrespective of socioeconomic standing. This distressing issue encompasses a spec-

trum of harmful acts, such as physical assault, domestic violence, and harassment, which harm the

physical, emotional, and psychological state of survivors, including the onset of PPD.
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Physical harassment refers to any form of harmful or abusive behavior that involves the use of

physical force or violence toward individuals, with a particular focus on women. This includes

physical assault, domestic violence, and workplace harassment that cause physical harm or injury.

In addressing physical mistreatment, several research papers have explored the application of

machine learning techniques to predict and detect instances of mistreatment. For instance, [54]

and [55] utilize Keras, a deep-learning API, to analyze video data and predict occurrences of

sexual assault. In [54] a classification model that combines Convolutional Neural Networks (CNN),

Recurrent Neural Networks (RNN), and Long Short Term Memory (LSTM) is employed to classify

and predict instances of sexual harassment. On the other hand, [55] focuses on using various CNN

architectures to identify sexual harassment in the workplace based on video footage.

Furthermore, [56], and [57] emphasize the prevalence of using multiple classifiers in addressing

physical mistreatment. Lateef et al. utilize four machine learning algorithms to classify women

who are more vulnerable to intimate partner violence [56]. Another model discussed in [57] employs

three types of machine learning classifiers to detect instances of physical mistreatment against

women.

To detect various forms of online harassment, Emad et al. built a model using eight machine

learning classifiers and sentiment analysis techniques to detect cyber harassment and cyberbullying

[58]. Additionally, Islam et al. introduced eight machine-learning classifiers for detecting sexual

harassment in Bangla text and achieved improved accuracy [59]. Finally, Alam et al. presented

four combinations of machine-learning techniques to detect hate speech related to sexual violence

and produced the classification model with the highest accuracy [60].

Victims of sexual violence can access necessary support for harassment through counseling, support

groups, legal advocacy, medical care, crisis hotlines, shelter services, and other online support.

Conversational agents are a form of online support that exists to maintain privacy and provide

appropriate information remotely. Fixed responses from conversational agents sometimes leave the

user without the answer they are looking for. Artificial Intelligence solves the problem of fixed

responses in conversational agents by leveraging advanced Natural Language Processing (NLP)

techniques, allowing for more dynamic and context-aware interactions. [61] introduces the use of

NLP as a conversational agent, namely, Law-U, to communicate with sexual violence victims and

survivors and provide them with legal guidance.

2.2 Mental health

While mental health is a vast topic with a diverse set of disorders as shown in Figure 2, this section

highlights some common mental health issues such as anxiety and mood disorders because of their

similarity in symptoms with PPD. Anxiety disorders, characterized by pervasive worry and fear,

can significantly contribute to PPD, especially when pre-existing conditions intensify during and

after pregnancy. Mood disorders, such as major depressive disorder and bipolar disorder, similarly

intersect with PPD, highlighting the necessity for advanced detection and treatment methods. The

integration of AI and machine learning in mental health research offers solutions to improve PPD

detection and prevention strategies.

2.2.1 Anxiety disorders

Anxiety disorders, characterized by excessive worry and fear, can be a major contributing factor to

PPD. Women with pre-existing anxiety disorders may experience heightened anxiety during preg-
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Figure 2: Components of Sexual and Reproductive Health.

nancy and postpartum due to concerns about the baby’s health, parenting abilities, and changes

in their own identity and lifestyle, making it difficult for new mothers to manage daily tasks and

bond with their babies.

Concerning available literature solely dedicated to anxiety, the selected research demonstrates a

rather dissimilar focus and significance of the selected area of research. Using a Hidden Markov

Model (HMM) and Logistic Regression (LR), Ryu et al. try to predict the binary outcome of

whether a patient is clinically or non-clinically anxious [62]. Another investigation utilized MLP,

LR, and RF on EEG data, with RF demonstrating superior accuracy in detecting trait anxiety [63].

In a different context, SVM and KNN algorithms were applied to an EEG dataset, to detect four

levels of anxiety [64]. Various machine learning (ML) approaches have been employed for anxiety

diagnosis. Meng et al. developed a TakagiSugeno-Kang (TSK) fuzzy system to automatically

identify anxiety in college students by extracting deep features using CNN from input data [65].

Alternatively, a Bayesian Neural Network (FE-BNN) anxiety prediction model was proposed and

evaluated using data collected by the online YODA tool [66]. Additionally, a study used LR, RF,

and naive Bayes (NB) to predict specific anxiety symptoms and virtual reality sickness during

treatment, demonstrating the models’ ability to support diagnosis with minimal participant bias

[67]. A range of machine learning models has been utilized across studies focusing on mental health

prognosis, risk prediction, and screening. For predicting panic attacks, a proposed model utilized

multiple algorithms, and focused particularly on regularized greedy forests on a combination of

questionnaire data, environmental, and real-time physiological data from wearable sensors [68].

Lastly, a hybrid machine learning model for predicting anxiety in conflict zones used SVM, MLP,

and RF algorithms [69].

Some studies were conducted focused on comorbidities alongside anxiety disorder. One study

developed a prediction model comparing the performance of various ML algorithms, for assessing

school children for depression and anxiety, where Random Forest achieved the highest accuracy [70].

Another investigation employed LASSO and SVM to analyze EEG signals, developing a diagnostic

tool capable of accurately identifying patients with panic disorder and MDD [71]. LSTM was used

in yet another study where Watanabe et al. attempted to predict depression and anxiety in the

working population using digital biomarkers derived from physical activity and working conditions

[72]. A novel approach utilized Haar-cascades for face detection and CNN for emotion classification

from image data to predict mental disorders [73]. Furthermore, another study compared the
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performance of multinomial LR and NB classifiers in predicting the onset and course of depression

and anxiety [74]. A patient assessment model was developed using multiple algorithms to classify

participants based on anxiety, depression, and stress severity levels [75]. In a screening context, to

identify anxiety, along with depression, one study introduced the DAC Stacking model, utilizing

LSTM and CNN and their comorbidity from multi-label text data extracted from Reddit [76],

while another study employed LR, NN, and RF for immune-mediated inflammatory disease (IMID)

patients [77].

Two studies were found focused on social anxiety. One study attempted to identify social anxiety

in young adults where multiple algorithms were applied to a multi-sensor wristband dataset [78],

while another study explored the use of smartphone sensors to predict social anxiety symptom

severity, employing XGBoost on accelerometer data, text message biomarkers, and call biomarkers

[79]. Only one study was found regarding Obsessive-compulsive disorder (OCD), a hybrid model

incorporating LSTM, Hopfield Network, and Bi-Directional RNN that was developed to predict

the risk of OCD by learning semantic characteristics from clinical data items [80].

2.2.2 Mood disorders

PPD is a type of mood disorder and having a history of other mood disorders such as bipolar

disorder or major depressive disorder before childbirth can also increase the risk of getting PPD.

The outspread of depression shows the importance of possible causes and factors that require more

attention in comprehending and managing different types of the disorder among various target

groups. However, even where depression has been inferred through other methods, to the best

of our knowledge, researchers have used diverse approaches to detect depression, by analyzing

data from social media platforms [81, 82, 83, 84, 85, 86, 87], where Random Forest [81] and NLP

approaches [82, 87] were used. Moreover, research also focused on the different styles of using deep

learning including utilizing both bi-LSTM and CNN [83, 84, 85], using questionnaires with CNN

[88] and stacking algorithms [89], using combined CNN and ANFIS for the data collected from

wearable sensors [90], using different algorithms to recognize the genes related to depression [91].

Survey data was identified to be employed for identifying depression through GBDT methods [92],

Random Forest [93], as well as the use of LSTM with CNN and NLP methods [94, 95].

Some studies leveraged the use of wearable sensors and mobile applications for assessing the level

of depression [96, 97, 98]. Asare et al. used self-reported and wearable data with multiple AI

algorithms for depression classification in one study [96] and utilized smartphone data and ques-

tionnaires with various AI algorithms for predicting depression in another study [98] while Dogrucu

et al. employed the Moodable app for distinguishing depression and suicidal ideation with diverse

AI algorithms [97]. Furthermore, some studies have used questionnaires and survey data to assess

the depression levels of participants [99, 100, 101, 102, 103, 104]. Lyall et al. employ different

regression algorithms to identify sleep and circadian predictors [99], Zhang et al. compare multiple

algorithms for depression detection [100], and Siddiqui et al. used the combination of ten machine

learning and two deep learning algorithms to predict depression reasons among students [101].

Two studies utilize Random Forest to assess depression levels, with one focusing on health-seeking

behavior in major depressive disorder patients [102], and the latter on factors of depressive symp-

toms in Chinese elderly individuals [103]. Conversely, Uddin et al. employ LSTM and RNN to

detect self-perceived symptoms in text [104].

Identifying depression is a somewhat complex task that holds significant interest and catches the

attention of curious researchers and while developing different methods, some researchers have

turned to experimental AI models to diagnose depression in individuals. In some studies, EEG
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datasets were utilized [105, 106, 107]. One study utilized linear discriminant analysis (LDA)

and linear support vector machine (SVM) to predict depression in drug-naive patients [105], one

employed multiple algorithms [107], while another study introduced a hybrid model with bi-LSTM

for depression diagnosis [106]. Furthermore, researchers have also leveraged data extracted from

wearable devices and mobile applications for diagnostic purposes [108, 109, 110]. They individually

utilized different approaches like DCNN [108], a combination of multiple algorithms [109], and a

neural network with weighted fuzzy membership functions (NEWFM) [110] on data extracted from

wearable sensors to make accurate diagnostic decisions.

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 AI models on them [111, 112, 113, 114, 115]. Wani et al. focused on using deep

learning to identify depressive symptoms in netizens through social media content [111], while Geng

et al. optimized initial Major Depressive Disorder (MDD) screening using 5-minute ECG signals

during sleep through multiple algorithms [112]. Another study aimed to detect depression risk in

a working population with digital biomarkers from wearables [113]. Additionally, [114] predicted

depression scores in adolescents using a mix of linear and non-linear machine learning techniques.

In contrast, [115] 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 [116, 117, 118]. One study utilizes multiple algorithms to predict MDD using

app, sensor, and questionnaire data [116], while another study observes ketamine effects on MDD

patients by applying multiple AI algorithms on genome-wide sequencing data [117]. Additionally,

Cousins et al. applied LSTM and a fully connected network to predict optimal medication for

individuals with diagnosed depression [118].

In the context of measuring the level of depression with Bengali text data, one of the studies employ

quite a diverse scenario of multiple instantiations of machine learning and deep learning [119]. On

the other hand, another type of study refines the PSYCHE-D model using various algorithms in

real-time data from a person for predicting future escalation of the depression severity up to one

year [120].

Additionally, a separate investigation utilizes a Gated Recurrent Unit (GRU) within a deep mul-

titask framework, employing machine learning models to detect depression, sentiment, and multi-

label emotion from suicide notes [121].

2.3 Postpartum depression (PPD)

This section reviews the existing research around PPD detection using machine learning and arti-

ficial intelligence approaches.

Andersson et al. sought to use multiple machine-learning techniques to forecast the likelihood of

postnatal depression. The study used a broad array of variables, demographics, medical history

past and present, psychosocial factors, and pregnancy attributes. Specific examples of applied

algorithms include ridge regression, LASSO regression, distributed random forest, extreme ran-

domized forest, gradient-boosted machines, stacked ensemble, and naive Bayes. PPD was noted to

be a challenging task for risk assessment focusing on the multi-modal patient data incorporation

and the use of the ensemble approaches to enhance the prediction accuracy and overcome the

concerning issue of overfitting [122].
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Similarly, Y. Zang et al. concentrated on creating and validating machine learning-based risk as-

sessment models of PPD among pregnant women. This research also incorporated many aspects

of participants such as their health history, pregnancy characteristics, and demographic details.

Some of the feature selection approaches included were Sequential Feature Selection and expert se-

lection. Various algorithms, including logistic regression, random forest, decision trees, XGBoost,

and multilayer perceptron, were evaluated. The findings emphasize the importance of comprehen-

sive feature selection for reliable predictions [123]. Moreover, another study by W. Zang et al used

both expert selection and random forest-based filter feature selection methods to optimize feature

selection to train their machine learning models to predict the risk of developing PPD. The study

employed random forest and support vector machine (SVM) algorithms for the classification and

prediction [124]. Furthermore, Wakefield et al. aimed to predict patients at risk of PPD using

electronic medical record (EMR) data collected during pregnancy. Features incorporated various

factors such as pre-pregnancy mental health history, medication use, socioeconomic status, and

healthcare-provider interactions. Employing random forest and logistic regression algorithms, the

research demonstrated the feasibility of utilizing routine EMR data for early identification of PPD

risk [125].

With a different approach, Betts et al. attempted to predict postpartum psychiatric admissions

using machine learning techniques, namely boosted trees and elastic net algorithms, the study

highlighted the significance of mental health history, prenatal care, and sociodemographic factors

in predicting postpartum psychiatric admissions. Such findings underscore the potential of machine

learning methods in identifying high-risk individuals, thereby facilitating targeted interventions and

resource allocation to mitigate postpartum psychiatric complications and improve maternal mental

health outcomes [126].

2.4 Conclusion

In this thesis, the relationship between PPD and other fields of health, including sexual, repro-

ductive and mental health is discussed and the different ways through which these domains affect

maternal health in the postpartum period is analyzed. Some of the many reproductive health

issues include infertility, pregnancy health risks, and childbirth complications among other issues

that can force a mother towards PPD. Likewise, sexual health problems such as loss of sexual

desire, and body image indicators also create emotional vulnerabilities to PPD. Additionally, the

exploration of mental health, particularly anxiety and mood disorders, reveals that pre-existing

mental health issues increase greatly the risk of getting this particular disorder and if not treated in

time, can lead to self-harm and suicide. The integration of artificial intelligence (AI) and machine

learning (ML) into these health sectors presents scope for positive results and provides support for

maternal mental health. These technologies have the potential that enable healthcare providers

to make informed decisions, ensuring efficient interventions that can mitigate the risks associated

with PPD. Focusing on PPD, the literature also highlights significant advancements in supporting

patients using AI and ML for its detection, and prediction for severity, treatment, or outcomes.

The advancements in this field pave the way for this novel research, which aims to predict suicidal

tendencies among postpartum patients in Bangladesh, utilizing AI techniques.
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Chapter 3

Exploration of Postpartum

depression and Suicide ideation

prediction

In this chapter, the data associated with PPD is explored, such as symptoms and risk factors along

with the scales researchers have used to detect these disorders in new mothers. In doing so, we

got an understanding of the trajectory of PPD and identified key variables that must be a part

of any predictive model. After analyzing PPD data, the following section will explore machine

learning models for predicting suicide, where the type of data used, the types of machine learning

algorithms, and evaluation metrics are reviewed for studies conducted over the last 5 years. In that

respect, this section is going to help us dive into what are the current state-of-the-art techniques

for predicting suicidal tendencies and inform our choices on algorithms and models. This will help

us develop an accurate methodology to portray PPD, and its associated Suicidal ideation using

data from Bangladesh.

3.1 PPD data analysis

Understanding the complexity of factors contributing to PPD is essential for developing targeted

interventions and support systems to mitigate the burden of PPD. In this section, we review

existing literature on PPD screening tools, the symptoms of patients with PPD, and the risk

factors associated with this disorder based on countries and their income levels.

According to a literature review of screening and prevention, Hana Andrina extensively reviewed

7 screening tools for PPD as mentioned in Table 1. In this research, it has been observed that the

Edinburgh Postnatal Depression Scale (EPDS) and the Postpartum Depression Screening Scale

(PDSS) outperform other scales in their sensitivity and specificity. It is also recommended to use

EPDS as it has a lower number of questionnaire items and takes a fairly shorter time to complete

during surveys [127]. Most of the PPD prevalence and data analysis studies discussed in this section

also use EPDS as their PPD screening tool. Another advantage of the tool is its availability in

multiple languages, including Bangla.

The decision was made to explore these data on the economic state of these countries because LICs

- LMICs tend to have a similar cultural setting as Bangladesh and would give a better prediction

when used on patients with the suicidal tendency model that this study is developing. All the
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Table 1: Commonly used screening tools for PPD

Screening Tools
No. of
items

Time to complete (min)

Edinburgh Postnatal Depression Scale 10 <5

Postpartum Depression Screening Scale 35 <10

Patient Health Questionnaire - 9 9 <5

Beck Depression Inventory 21 <10

Beck Depression Inventory-II 21 <10

Center for Epidemiologic Studies Depression Scale 20 <10

Zung Self-Rating Depression Scale 20 <10

symptoms associated with PPD are provided in Table 2 and risk factors associated with PPD are

provided in Table 3.

In LMICs like Bangladesh, studies have identified various risk factors contributing to PPD. These

include demographic factors such as age, education level, employment status, household income,

household resources, and neighborhood characteristics. Additionally, experiences of domestic vio-

lence, history of child loss, inadequate social support, and stressful life events have been associated

with higher PPD prevalence. Lack of access to healthcare services and limited resources exacerbate

the burden of PPD in these settings [9, 128]. In LMICs like India, numerous risk factors have been

identified, including maternal age, history of mental disorder, stress, and unwanted pregnancy.

Cultural factors such as low self-esteem and negative birth experiences also contribute to PPD

prevalence. Additionally, socioeconomic factors such as education level, financial status, and so-

cial support play significant roles [129, 130]. In Vietnam, another LMIC, studies have focused on

symptoms of PPD observed by family members. These include anxiety, changes in eating habits,

emotion dysregulation, and sleep disturbances. Understanding these symptoms is vital for early

detection and intervention [131].

Moving to upper-middle-income countries (UMICs) like China and Iran, PPD risk factors encom-

pass a broad range of biological, psychological, and social factors. These include factors such as the

baby’s gender, history of mental disorders, domestic violence, and hormonal imbalances. Socioeco-

nomic factors like education level, employment status, and social support continue to be significant

contributors to PPD prevalence [132, 133]. In UMICs like Malaysia and Turkey, lifestyle factors

such as consumption of unhealthy food, high BMI, and lifestyle changes have been associated with

PPD symptoms. Additionally, factors like antenatal care, domestic support, and family history

of mental disorders play crucial roles in PPD prevalence [134, 135]. In HICs like the USA, stud-

ies have identified a wide array of risk factors for PPD, including socio-economic factors such as

education level and employment status. Social support and recent life events also influence PPD

prevalence. Moreover, psychological factors like stress and emotion dysregulation are significant

contributors to PPD symptoms [136, 137].
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Table 2: Symptoms of patients with PPD

Symptoms
Income level

LIC LMIC UMIC HIC

Agitated [136]

Anger [136]

Anxiety [131]

Consumption of unhealthy food [134]

Eating habit [131] [136]

Emotion dysregulation [131] [136]

Fatigue [136]

Guilt [136]

Having illusions [131]

High BMI [134]

Ignoring children [131]

Lifestyle changes [134]

Concerned about children [131]

Sad without reason [131]

Separated from outside life [131]

Sleep disturbance [131]

Stress [9], [128] [131] [136]

Suicidal ideation [136]

Unusual Behavior [134] [136]

Table 3: Risk factors associated with the prevalence of PPD

Risk factors Category
Income level

LIC LMIC UMIC HIC

Age Demographic
[9],

[128]

[129],

[130]
[132]

Age of last-child Demographic [9]

Baby gender Demographic
[129],

[130]

[132],

[133]

Immigration status Demographic [130]

Marital status Demographic [130]

Multiple children Demographic [9]
[129],

[130]
[132]

Cortisol Health [133]

Genetics Health [130]

High oxytocin during pregnancy Health [132]

Low estrogen Health
[132],

[133]

Anaemia Health [129] [132] [137]

Antenatal checkup Health [135]

C-section Health [130]
[132],

[133]
[137]

Chronic illness Health [130]
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Risk factors Category
Income level

LIC LMIC UMIC HIC

Gestational diabetes Health [130] [132] [137]

High-risk pregnancy Health [132]

Neonatal complication Health [9]

Not breastfeeding Health [132]

Nutrition deficiency Health [132]

Obesity Health [130]

Premenstrual syndrome Health [132] [137]

Preterm birth Health [9] [130]
[132],

[133]
[137]

Sleep deprivation Health
[132],

[133]

Thyroid dysfunction Health [132]

Vitamin B6 deficiency Health [132]

Vitamin D deficiency Health [130] [137]

Diet Lifestyle [132]

Physical activity Lifestyle [132]

Substance abuse Lifestyle [130] [132]

Body image dissatisfaction Psychological [130] [133]

History of Child Loss Psychological [9]

History of mental disorder Psychological [9]
[129],

[130]

[132],

[133],

[135]

History of sexual abuse Psychological [129] [132]

Low self-esteem Psychological
[129],

[130]
[132]

Negative birth experience Psychological
[129],

[130]
[132]

Recent life events Psychological [128]

Sexual abuse Psychological [137]

Stress Psychological
[129],

[130]

Family history of mental disorder Psychological [135]

Unwanted pregnancy Psychological [9] [129]
[132],

[133]
[137]

Domestic support Social [128] [135]

Domestic violence Social [9] [130]
[133],

[135]
[137]

Household members Social [9]

Social support Social
[9],

[128]
[130]

[132],

[133],

[135]

Neighborhood Socioeconomic [128]
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Risk factors Category
Income level

LIC LMIC UMIC HIC

Education level Socioeconomic
[9],

[128]
[130] [132]

Employment status Socioeconomic
[9],

[128]
[132]

Financial status Socioeconomic [130] [132]

Household resources Socioeconomic [128]

Husband education level Socioeconomic [128]

Husband occupation Socioeconomic [128] [135]

Monthly income Socioeconomic
[9],

[128]

Number of living rooms Socioeconomic [9]

3.2 Suicidal tendency prediction models

In this section, recent studies in the context of suicidal prediction on machine learning-based models

are reviewed based on the data type used, algorithms applied, and evaluation metrics considered.

Understanding these elements will help to develop the methodology to predict PPD and suicidal

ideation. For assessing the risk of suicide, researchers have employed various machine learning

algorithms on linguistic features extracted from social media. One study utilized three machine

learning algorithms to classify individuals with suicidal tendencies based on these linguistic features

[138]. Another investigation focused on distinguishing between self-harm and suicide attempts,

employing Random Forest to identify unique risk profiles of individuals [139]. Text data from

Twitter were also processed by mental health professionals, applying multiple machine learning

algorithms to predict suicide ideation [140]. In a different study, Wang et al. utilized the UK

Biobank to predict short-term and long-term suicidal behavior in the middle-aged population

using Light Gradient Boosting Machine [141]. The impact of COVID-19 on individuals prompted

a study that employed multiple machine-learning algorithms on survey data to predict suicidal

ideation [142]. Min et al. took a unique approach by utilizing acoustic voice features of psychiatric

patients to assess suicidal tendencies [143]. Cho et al. used national medical checkup data from

the National Health Insurance Sharing Service in South Korea, running Random Forest to predict

suicide risks among individuals [144]. Another study analyzed the UK Mental Health Services

Dataset to find the correlation between hospital stays with risks of self-harm among young adults,

implementing and comparing multiple machine learning algorithms [145]. Furthermore, researchers

have evaluated children and patients with chief complaints based on the ICD-10-CM code and to

predict the risk of suicide using Lasso, Logistic Regression, and Random Forest [146]. In another

study, researchers intended to propose an early detection of vulnerable soldiers before deployment

and thus contribute to the formation of a risk model for suicide attempts during and immediately

following military deployment using a machine learning approach [147]. Finally, unstructured data

was used to enhance the prediction of suicidal and self-injurious events in correctional settings

through machine learning techniques [148].

To detect the risk of suicide, researchers have implemented machine learning algorithms to enhance

text representation and identify suicidal ideation and mental disorders from social content [149].

Another study utilized machine learning to classify social media posts into high, moderate, or no
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risk of suicide [150]. Kodati et al. ran an investigation that focused on identifying negative emotions

in suicidal postings on social media to describe an individual’s mental health, employing machine

learning and deep learning techniques [151]. Wu et al. developed a suicidal ideation detection

model using Long Short-Term Memory (LSTM) and Bidirectional Encoder Representations from

Transformers (BERT) by examining text data from social media articles [152]. In a similar study,

machine learning and neural networks were used to identify those at risk of Opioid Use Disorder

(OUD) if they were thinking about suicide [153]. One more study proposed an automated detection

model of self-harm using deep learning to identify people likely to re-engage in self-harm episodes

in the future [154]. Additionally, a study applied machine learning algorithms to increase the rate

of correct identification of suicidal thoughts in Korean adolescents [155].

For screening the risk of suicide, researchers utilized voice data from patients to label them as

Healthy Controls (HC), Suicidal Ideation (SI), or Suicide Attempt (SA) using machine learning

techniques [156]. Another study attempted to predict suicidal ideation among parents, by using

clinical notes from Electronic Health Records (EHR) [157]. Additionally, one study identified

patients with a higher risk for hospital readmission due to self-harm and suicidal behavior. This

was achieved by predicting suicidal behavior using machine learning on historical data collected

up to one year before and including the hospital admission index [158]. Additionally, to provide

support regarding suicide, researchers developed a suicide prevention and support system named

Thoth, which is a mobile application. Thoth utilizes wearable sensor data, social media data, and

questionnaire information to predict the risk of suicidal ideation. This was achieved by applying

and comparing multiple machine learning algorithms, among which the Gated Recurrent Unit

(GRU) showed the best performance [159].

3.2.1 Type of data used for suicidal ideation prediction

Mental health research with artificial intelligence uses a variety of data including questionnaires,

surveys, social media data, medical data, wearable sensor data, audio speech data, images, videos,

internet search activity, notes or journals, and clinical data from EEG, ECG, and MRI. For as-

sessing and detecting risk of suicide, most commonly used data according to the last 5 years of

research is social media data [138, 140, 149, 150, 151, 152, 153, 159], medical data [144, 145, 146,

148, 154, 157, 158] questionnaire or survey data [139, 141, 142, 147, 155] and speech data in the

form of audio and text [143, 156] as seen in figure 3.

3.2.2 Machine learning algorithms used to train prediction models

Many machine learning (ML) algorithms have been used to detect, assess and screen suicidal

tendencies such as traditional techniques, including Random Forest, SVM, Logistic Regression

and Decision Trees; advanced algorithms like Gradient Boosting, Naive Bayes, Bayesian Networks;

deep learning algorithms such as Gates Recurrent Units (GRU), Convolutional Neural Networks

(CNN), Long Short-Term Memory (LSTM), and Transformer encoders.

The type of data used significantly influences the choice of machine learning algorithms as some

algorithms work better with one data type than another. It is observed questionnaire or survey

data, which is structured and often numeric or categorical, is commonly analyzed using algorithms

like Logistic Regression, Random Forest, Decision trees, Gradient boosting, and SVM. Social media

data, which is unstructured text, uses deep learning algorithms like CNN, LSTM, and GRU which

can process text. Medical data, which can include structured clinical data to health records, is

used with both traditional and deep learning algorithms, including Random Forest, SVM, Logistic
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Figure 3: Chart showing the studies using different types of data to train suicidal tendency
prediction models.

Regression, CNN, Transformer Encoders, and LSTM. A detailed representation of machine learning

algorithms used to train suicidal tendency prediction models discussed above is provided in Table

4.

3.2.3 Metrics used to evaluate prediction models

The most commonly used metrics to evaluate machine learning prediction models are accuracy,

recall, precision, specificity, F1 score, and area under the ROC curve as seen in Table 5.

Accuracy measures the proportion of correctly classified instances out of the total instances by

providing a straightforward interpretation of overall model performance. It might not be suitable

for imbalanced datasets, where it may overestimate performance, but is still widely used and can

be misleading when classes are imbalanced.

Accuracy =
TP + FP

TP + FP + TN + FN
(3.1)

Recall measures the proportion of true positive instances that were correctly identified. It is useful

when minimizing false negatives is important but may not be sufficient as a standalone metric,

especially when false positives need to be minimized as well. Recall is important in applications

where missing positive instances are costly, for example, in medical diagnosis, it’s crucial to cor-

rectly identify all instances of a disease.

Sensitivity / Recall =
TP

TP + FN
(3.2)

Precision measures the proportion of true positive instances out of all instances predicted as pos-

itive. It is useful when minimizing false positives is important. It may not be sufficient as a

standalone metric, especially when false negatives need to be minimized as well. Precision is

important in applications where false positives are costly.
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Table 4: 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

[138] ✓ ✓ ✓
[139] ✓
[140] ✓ ✓
[141] ✓
[142] ✓ ✓ ✓ ✓
[143] ✓ ✓ ✓
[144] ✓
[145] ✓ ✓ ✓ ✓ ✓
[146] ✓ ✓
[147] ✓ ✓ ✓
[148] ✓
[149] ✓ ✓
[150] ✓ ✓ ✓
[151] ✓ ✓
[152] ✓
[153] ✓ ✓ ✓ ✓
[154] ✓ ✓
[155] ✓ ✓ ✓
[156] ✓
[157] ✓ ✓ ✓ ✓
[158] ✓
[159] ✓

Precision =
TP

TP + FP
(3.3)

Specificity measures the proportion of true negative instances that were correctly identified and

is particularly useful when minimizing false positives is important. Specificity complements sen-

sitivity (recall), providing insights into the model’s ability to correctly identify negative instances

.

Specificity =
TN

TN + FP
(3.4)

F1 Score is the harmonic mean of precision and recall, providing a balance between the two metrics.

It is useful when there’s an uneven class distribution but may not be ideal for situations where

costs are associated with false positives and false negatives.

F1 Score = 2 ∗ Precision ∗Recall

Precision+Recall
(3.5)
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Table 5: Different types of metrics used to evaluate suicide prediction models.

Reference Accuracy Recall Precision Specificity F1 score AUC -ROC

[138], [140],
[151], [153],
[154], [157]

✓ ✓ ✓ ✓ ✓

[139], [141],
[144], [148]

✓ ✓ ✓

[145], [158] ✓ ✓ ✓ ✓
[149], [150] ✓ ✓ ✓ ✓
[146], [152] ✓ ✓ ✓
[143] ✓ ✓ ✓ ✓ ✓
[147] ✓ ✓
[155] ✓ ✓
[156] ✓ ✓
[159] ✓
[142] ✓

Area Under the Receiver Operating Characteristic (ROC) Curve summarizes the model’s perfor-

mance across various threshold settings by providing a comprehensive evaluation of the model’s

performance across all possible classification thresholds.

3.3 Conclusion

This chapter provided an extensive analysis of PPD data and explored various machine learning

models used to predict suicidal tendencies. By examining the symptoms, risk factors, and screen-

ing tools associated with PPD, we identified critical variables essential for developing effective

predictive models. The Edinburgh Postnatal Depression Scale (EPDS) emerged as a particularly

effective screening tool due to its sensitivity, specificity, and availability in multiple languages,

including Bangla. We reviewed literature from different income-level countries to understand the

varying risk factors and symptoms of PPD based on country, culture, and economy. This cross-

country analysis highlighted demographic, health, psychological, social, and socioeconomic factors

that influence PPD prevalence. Shifting the focus to suicidal tendency prediction, the chapter ex-

plored recent studies using various machine learning algorithms. These studies used various data

types, including social media data, medical records, questionnaires, and speech data, to predict

suicidal ideation and behavior. The use of algorithms such as Random Forest, Logistic Regres-

sion, SVM, and advanced techniques like LSTM, BERT, and CNN performed well in this context.

Evaluation metrics like accuracy, recall, precision, specificity, F1 score, and AUC-ROC were used

to assess the performance of these predictive models. These metrics provided a balanced view of

model effectiveness, especially in handling imbalanced datasets and minimizing false positives and

negatives.

By incorporating the information gained from PPD data analysis and machine learning techniques

for predicting suicidal tendencies, this chapter sets the structure for developing a robust method-

ology for this thesis, specific to the Bangladeshi context.
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Methodology

This chapter presents a detailed methodology to achieve the objectives of predicting that PPD

causes suicidal tendencies among patients. First, the data collection process is discussed and

the description of the postpartum survey dataset is represented, followed by an explanation and

steps taken to ensure data quality through preprocessing. Additionally, the techniques used to

address class imbalance using sampling are explored to ensure that the models do not favor the

majority class. Then three different types of feature selection methods are discussed to identify

the most relevant attributes, which are crucial for building efficient and interpretable prediction

models. Then the application of machine learning algorithms—Logistic Regression (LR), Support

Vector Machine (SVM), Decision Tree (DT), and Random Forest (RF)—is thoroughly explained,

including the role of hyperparameter optimization using grid search, k fold cross validation and

LASSO regularization in model training. Finally, the chapter outlines the evaluation metrics used

to assess model performance, ensuring that the developed models are both accurate and reliable

in predicting PPD.

4.1 Data Collection

To develop the prediction model, a postpartum dataset has been used. The dataset has been

sourced from Kaggle, contributed by Md. Parvez Mosaraf, and consists of survey data from partic-

ipants in Bangladesh from 1503 individuals, collected via a questionnaire administered through a

Google Form in collaboration with a medical hospital. The questionnaire covered various aspects

of PPD symptoms and was designed to gather insights into the experiences of individuals follow-

ing childbirth [160]. Figure 4 represents the correlation heatmap of these attributes, while Table

6 shows the characteristics of these symptoms and risk factors among the dataset sample. The

validation of the dataset relies solely on its availability on Kaggle, as no associated publications

support its credibility. The data items included in the dataset are as follows:

• Age

• Feeling sad or Tearful

• Irritable towards baby & partner

• Trouble sleeping at night

• Problems concentrating or making a decision
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• Overeating or loss of appetite

• Feeling anxious

• Feeling of guilt

• Problems of bonding with baby

• Suicide attempt

Where suicide attempt is the target variable with 459 positive and 1044 negative instances in the

1503 rows of collected data.

Figure 4: Correlation heatmap of dataset attributes

4.2 Data Preprocessing

After data collection, data preprocessing is a crucial step in the machine learning pipeline because

it directly impacts the quality of the data used for training models. Properly preprocessed data

leads to more accurate and efficient models.

Firstly, the dataset is inspected for any missing information, as some machine learning algorithms

cannot handle missing values and those that do can give skewed results, reducing accuracy. Missing

data can lead to potential bias in the classification model due to the information loss, hence

imputation has been performed to preserve the statistical significance of the model. There are

several methods of handling missing values such as using mean, median, or mode, using regression

of classification models to predict missing values, or removing the rows with missing values in

them. For this research, the missing values were replaced with the most frequent value within
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Table 6: Characteristics of the population in the dataset in respective of symptoms and
risk factors.

Variable Category Frequency (Yes) Frequency (No) Frequency Total P-Value

Age

35-40 121 (42.5%) 164 (57.5%) 285 (24.4%) 0.003
40-45 118 (41.4%) 167 (58.6%) 285 (24.4%)
30-35 99 (38.7%) 157 (61.3%) 256 (21.9%)
25-30 61 (46.9%) 69 (53.1%) 130 (11.1%)
45-50 60 (28.3%) 152 (71.7%) 212 (18.2%)

Feeling sad
or Tearful

No 254 (61.4%) 160 (38.6%) 414 (35.4%) <0.001
Yes 140 (32.3%) 294 (67.7%) 434 (37.2%)
Sometimes 65 (20.3%) 255 (79.7%) 320 (27.4%)

Irritable
towards
baby &
partner

Yes 260 (58.7%) 183 (41.3%) 443 (37.9%) <0.001
No 105 (24.6%) 321 (75.4%) 426 (36.5%)

Sometimes 94 (31.4%) 205 (68.6%) 299 (25.6%)
Trouble
sleeping at
night

Two or
more
days a
week

227 (52.3%) 207 (47.7%) 434 (37.2%) <0.001

Yes 146 (41.5%) 206 (58.5%) 352 (30.1%)
No 86 (22.5%) 296 (77.5%) 382 (32.7%)

Problems
concentrat-
ing or
making a
decision

Yes 207 (62%) 127 (38%) 334 (28.6%) <0.001

No 193 (45.1%) 235 (54.9%) 428 (36.6%)

Often 59 (14.5%) 347 (85.5%) 406 (34.8%)
Overeating
or loss of
appetite

No 270 (40.5%) 396 (59.5%) 666 (57%) 0.181
Yes 103 (38.3%) 166 (61.7%) 269 (23%)
Not at all 86 (36.9%) 147 (63.1%) 233 (19.9%)

Feeling
anxious

Yes 331 (38.9%) 519 (61.1%) 850 (72.8%) <0.001
No 128 (40.3%) 190 (59.7%) 318 (27.2%)

Feeling of
guilt

No 267 (47.1%) 300 (52.9%) 567 (48.5%) <0.001
Yes 124 (59.9%) 83 (40.1%) 207 (17.7%)
Maybe 68 (17.3%) 326 (82.7%) 394 (33.7%)

Problems of
bonding
with baby

No 209 (46.9%) 237 (53.1%) 446 (38.2%) <0.001
Yes 141 (43.7%) 182 (56.3%) 323 (27.7%)
Sometimes 109 (27.3%) 290 (72.7%) 399 (34.2%)

each respective column. This approach was deemed appropriate given the categorical nature of

the attributes in the selected dataset. By replacing missing values with the most common value,

we ensured that the integrity of the dataset was maintained while retaining as much information

as possible.

Given that the majority of the data comprised categorical variables rather than numerical values,

Label Encoding was employed to convert ordinal categorical data to numeric data. This process

involved assigning numerical labels to categorical variables, enhancing the computer’s ability to

process and interpret the data accurately. This approach was used based on its compatibility with

earlier analysis of similar models.

Lastly, to ensure that the attributes contribute equally during classification, Min-Max normaliza-

tion was performed on each column of data. This technique involves scaling numerical values to a

predetermined range, between 0 and 1. By doing so, the risk of any single feature influencing the
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analysis due to its magnitude is solved, ensuring that all features contribute meaningfully to the

final results and reduce overfitting.

4.3 Data Balancing

To train machine learning prediction models, balanced data are very important because they can

affect the model that we train by overfitting. An imbalanced dataset means that one class is

observed in some instances more than the other class, which will skew the model performance

since it can perform poorly on minority classes. To address this issue, two balancing techniques

were used in this research, namely oversampling using SMOTE and undersampling using Random

UnderSampler. A third set of prediction models was trained using the original unsampled dataset

to evaluate the effect of sampling and nonsampling on predictive classification models.

SMOTE generates synthetic examples of the minority class by creating new samples rather than

simply duplicating them. This approach not only balances the dataset but also introduces more

variability within the minority class, leading to better generalization of the model. SMOTE is

considered one of the most influential data preprocessing and sampling algorithms in machine

learning and data mining [161]. In this research, the initial dataset contained 459 instances of

the positive class and 1044 instances of the negative class for the target variable column. After

applying SMOTE, the dataset was balanced, containing 1044 instances of the positive class and

1044 instances of the negative class, resulting in a final dataset with 2088 rows.

Random Undersampling is a technique used to balance the dataset by reducing the number of

majority class instances by randomly removing samples from the majority class to match the

number of samples in the minority class. While this approach can lead to a significant loss of

information from the majority class, it simplifies the model training process and can prevent the

model from becoming biased towards the majority class [162]. In this research, the Random

Undersampler was applied to the training data to create a balanced dataset, reducing the positive

class to 459 instances and matching 459 instances of negative class for the target variable, resulting

in a final dataset of 918 rows.

As a baseline, the study also involved training models on the original, imbalanced dataset without

applying any sampling technique, to provide a reference point to evaluate the effectiveness of the

sampling methods used. Here the total number of rows is 1503 with 1044 instances of positive

class and 459 instances of negative class for the target variable column.

4.4 Feature Selection

In machine learning, feature selection is an important step as it helps in improving model per-

formance by selecting the most relevant features while reducing noise and redundancy, it also

improves accuracy and reduces training time by removing misleading and unimportant data [163].

In this research, three different types of feature selection methods are used, namely the wrapper

method (sequential/forward feature selection), filter method (Pearson’s correlation coefficient), and

expert-selected features.

Forward/Sequential Feature selection initializes with an empty set of features and gradually adds

features up until the best combination of features is selected. This approach ensures that the

final model is simplified, hence increasing interpretability and computational efficiency [164]. For

this research, the Forward/Sequential feature selection function was used with the Random forest

classifier. This repeated through each feature, including one at a time while evaluating the model’s
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performance, and continued until no combination of features added resulted in a higher accuracy

score. Features selected using the forward feature selection method are listed below:

• Age

• Feeling sad or Tearful

• Irritable towards baby & partner

• Trouble sleeping at night

• Problems concentrating or making a decision

• Feeling of guilt

• Problems of bonding with baby

Pearson’s correlation coefficient was used to select features as a filter method. This method eval-

uates the linear correlation between each feature and the target variable, where features with a

high correlation coefficient (r) are retained for model training. For all features, r were calculated

against suicide attempts. The statistical significance was calculated using p-values, with n=1503

and α=0.01, ensuring the selected features has a confidence level of 99%. This method offers a

statistical way to identify features that have a significant impact on suicidal ideation. Features

selected using Pearson’s correlation are listed in Table 7.

Table 7: List of features selected by Pearson’s correlation coefficient
Attribute name Pearson’s Correlation Coefficient (r) P-values

Feeling sad or Tearful -0.3 7.00E-32

Trouble sleeping at night 0.13 6.35E-07

Problems concentrating or mak-
ing a decision

-0.17 8.17E-11

Feeling of guilt -0.28 1.55E-27

Problems of bonding with baby -0.16 3.26E-10

Feeling anxious 0.10 1.88E-4

Finally, the 3rd set of features was selected by an expert in the field of maternal mental health. For

this approach, a medical professional, provided her expertise to select symptoms and risk factors

associated with PPD, ensuring that the resulting model captured the factors contributing to PPD-

related suicidal tendencies with greater accuracy and clinical relevance. Features selected using

expert advice are listed in Table 8.

4.5 Model training and evaluation

To develop the machine learning model, Python’s libraries, namely pandas and sci-kit-learn (sklearn),

were used. The pandas library allows efficient data manipulation and preprocessing, while sklearn

provides a comprehensive, open-source set of functions for model development and evaluation.

To reduce overfitting, feature regularization was used, and the L1 regularization technique, com-

monly known as LASSO (Least Absolute Shrinkage and Selection Operator), was applied. Lasso

regularization assigns weights to features and reduces overfitting by optimizing the model complex-

ity [165], it regularizes important features by estimating model coefficients simultaneously [166].

Additionally, the most optimal hyperparameter combination for each supervised learning algorithm
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Table 8: List of features selected by expert advice
Attribute name Category

Age Risk factor

Feeling sad or Tearful Symptom

Irritable towards baby & partner Symptom

Trouble sleeping at night Symptoms, Risk factor

Problems concentrating or making a decision Symptom

Overeating or loss of appetite Symptom

Feeling anxious Symptom

Feeling of guilt Symptom

Problems of bonding with baby Symptoms, Risk factor

has been sought through gridsearchCV. Grid search systematically explores a predefined parameter

grid to find the combination that provides the best performance. Moreover, 5-fold cross-validation

is performed to partition the dataset into five subsets, iteratively using four subsets for training

and one for validation. The average performance across the five folds is calculated to provide a

robust evaluation metric for model performance.

Four simple supervised learning algorithms: Logistic Regression (LR), Support Vector Machines

(SVM), Decision Trees (DT), and Random Forest (RF) were selected to test and compare the

performance of the PPD-caused suicidal tendency prediction. These algorithms have been chosen

for their simplicity, and effectiveness in handling binary classification tasks as explored in the

previous chapter.

Logistic Regression is a flexible tool to understand the connection between many descriptive fea-

tures in a binary response [167]. It is widely used to classify inputs by modeling the probability

that they belong to a class through the use of a logistic function. In this research, regularization

was achieved using an L1 penalty known as Lasso regularization. Additionally, the ’liblinear’ solver

was used, which was selected for its efficacy with small datasets and compliance with L1 regular-

ization, making it perfect for the dataset used. Finally, the maximum number of iterations for the

algorithm was set to 1000. These hyperparameters collectively influence the model’s complexity

and performance, allowing for fine-tuning to achieve optimal results.

When it comes to binary classification, the support vector machine has been a good mechanism for

the past couple of years with good generalization properties [168]. It operates by identifying the

hyperplane that provides the widest margin of separation between the classes within the feature

space. For this study, the linear SVM kernel was used. This is because the selected dataset was

found to be linearly separable through the use of a scatter plot diagram. Moreover, the radial bias

kernel requires the computation of a gram matrix which grows with the size of the dataset and

due to resource limitation, the linear kernel was chosen. Regularization was also achieved with L1

regularization, and finally, the maximum number of iterations for the algorithm has been set to

1000 to let the algorithm have enough time to find a solution.

Decision trees are hierarchical structures used for binary classification, where each internal node

represents a decision based on a feature, leading to the next nodes representing class labels. They

are effective for binary classification due to their ability to handle nonlinear relationships, and

feature interactions efficiently. Moreover, decision trees are interpretable, enabling insights into

decision-making processes, and making them a suitable choice for binary classification tasks. Fur-

thermore, their ability to handle non-linear relationships and interactions between features makes

them a preferred choice in various domains, including healthcare [169]. In this research, optimal
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hyperparameters for decision trees were selected by testing several combinations, with 3 options

for maximum depth (tree depth: 3, 5, 7), 3 options for minimum samples required to split a node:

2, 5, 10, and 3 options for minimum samples required at a leaf node: 1, 2, 4. This results in 3 ×
3 × 3 = 27 combinations of hyperparameters to be tested. Finally, the selected hyperparameters

were, maximum depth of 7, minimum samples required to split a node as 2 and minimum samples

required at a leaf node as 1, giving the optimum performance.

Random Forest, is adept at binary classification tasks because of its ability to process complex

data and reduce overfitting. It is a combination of multiple decision tree outputs where each tree

is trained using a random subset of the dataset sample. The hyperparameters of Random Forest

include the maximum depth of each tree, the minimum number of samples, and the number of trees

in the forest required to split a node. These control the model’s complexity, aiding in regularization

and preventing overfitting [170], making it efficient for binary classification tasks where robustness

and generalization are required. In this research, optimal hyperparameters for random forests were

selected by testing several combinations, with 3 options for number of trees in the forest: 100, 200,

300, 4 options for tree depth: 10, 20, 30, or unlimited, 3 options for minimum samples to split a

node: 2, 5, 10, and 3 options for minimum samples required in a leaf: 1, 2, 4. This creates 3 ×
4 × 3 × 3 = 108 combinations of hyperparameters. Finally, the selected hyperparameters were,

number of trees in the forest being 100, maximum depth of 20, minimum samples required to split

a node as 2 and minimum samples required at a leaf node as 1, giving the optimum performance.

The evaluation metrics used to measure the performance of the machine learning models are

accuracy, recall, precision, specificity, f1 score, and area under the receiver operating curve. These

metrics are the most frequently used with binary classification models [171], and are most commonly

used to evaluate machine learning models, as observed in section 3.3. Additionally, Cohen’s Kappa

has been used to measure the agreement between the actual and predicted labels while accounting

for chance agreement, as it 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. A visual representation of the

complete methodology is provided in Figure 5.

4.6 Ethical Considerations and Data Privacy

Research using personal data requires ethical consideration to protect sensitive information. The

process of data collection, data sharing, and using the data in studies, need to follow governance

frameworks covering anonymization and participant consent of data usage, ensuring transparency,

and data privacy [172, 173]. In this research, sensitive information related to PPD has been sourced

from an online repository. As this is secondary data, there is limited direct verification of ethi-

cal practices used for data collection. No personally identifiable information was included in the

dataset to anonymize the data. The data was collected from voluntary participants during a survey

using google forms. Furthermore, the research outcomes are confined to academic purposes, with

no immediate application in clinical or real-world settings. Any future implementation of these

models will necessitate comprehensive ethical governance and compliance with data protection

laws to safeguard participants’ rights. This research is conducted as a subcomponent of the larger

research project titled ”SuSastho.AI: An AI-enabled solution to improve the health and wellbeing

of the population in Bangladesh” which has received ethical approval from the Bangladesh Medi-

cal Research Council (Approval Reference: BMRC/NREC/2022-2025/368, Registration Number:

515122jQ212Q2k).
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Figure 5: Complete methodology of the prediction model
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4.7 Conclusion

In this chapter, the methodology used to develop and evaluate the prediction models for PPD

and associated suicidal tendencies is outlined. The process began with the collection of a postpar-

tum survey dataset from Kaggle, followed by data cleaning and preprocessing to handle missing

values using mode, categorical to numeric data conversion using label encoding, and min-max nor-

malization. These steps were essential to prepare the dataset for effective model training. Data

balancing techniques, namely SMOTE and Random UnderSampling, were used to address class

imbalance, to ensure that the machine learning models could perform well on both the minority

and majority classes, thereby improving the generalization of the models. Feature selection was

done using three different methods, forward feature feature selection, Pearson’s correlation, and

expert advice to identify the most relevant features for predicting PPD and associated suicidal

tendencies. The core of our methodology involved training and evaluating four machine learning

algorithms: Logistic Regression (LR), Support Vector Machine (SVM), Decision Tree (DT), and

Random Forest (RF). Each algorithm was chosen for its unique strengths in handling binary clas-

sification tasks. 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 perfor-

mance. To evaluate these models, accuracy, sensitivity, specificity, precision, F1 score, area under

the ROC curve (AUC), and Cohen’s Kappa were used. In the following chapter, the results of

these predictive models will be discussed in detail.
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Result Analysis

This chapter presents the evaluation of various machine learning models applied to the postpartum

dataset, focusing on the effects of different feature selection methods and sampling techniques on

model performance. The aim is to identify the most effective combinations of feature selection,

sampling, and algorithms to optimize the predictive accuracy and reliability of the postpartum

suicidality prediction model, providing a detailed understanding of how each model performs under

varying conditions. Initially, the four machine learning algorithms were trained using the expert-

selected features and the original unbalanced dataset, results are shown in Figure 6. Random forest

demonstrated the best performance across all metrics, with 99.73% accuracy, 99.14% precision, and

100% recall, indicating strong effectiveness in identifying both positive and negative cases. The

Decision tree also performed well, showing balanced results with 92.68% accuracy, 90.49% precision,

and 84.97% recall. On the other hand, both Logistic regression and SVM had lower accuracy, with

LR achieving 76.38% accuracy and SVM 75.45%. These results highlight Random forest as the

most reliable model, followed by the Decision tree, with Logistic regression and SVM showing

weaker performance.

Figure 6: Performance of the machine learning algorithms with expert selected features
and unbalanced dataset.

Additionally, to assess the influence of data sampling on model performance, two sampling tech-

niques were applied, SMOTE oversampling and random undersampling. The performance of the

models using these sampling methods was compared to the results obtained without sampling. For

all algorithms except the Decision tree, the unsampled data showed better model performance.
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Specifically, oversampling using SMOTE slightly improved the performance of algorithm Decision

trees, but this improvement was not observed for algorithms Random forest, Logistic regression,

and Support vector machine. Figure 7 shows a bar chart comparing the performance of different

sampling techniques.

Figure 7: Average accuracy of the machine learning models trained using expert selected
features, represented in the form of a bar chart and box plot, different sampling methods.

Moreover, to evaluate the impact of alternative feature selection methods on performance, the

model was trained using Pearson’s Correlation Coefficient (PCC) and Sequential Forward Se-

lection (SFS). Across all algorithms, the expert-selected features consistently provided the best

results. However, there were some differences in performance when using PCC and SFS. SVM and

Logistic regression performed slightly better with PCC-selected features compared to SFS, whereas

algorithms Random forest and Decision tree demonstrated superior performance with SFS-selected

features over PCC. This result is represented in Figure 8 using a bar chart and box plot to compare

the average accuracy.

Figure 8: Average accuracy of the machine learning models represented in the form of a
bar chart and box plot, for different feature selection methods.

While expert-selected features worked better with unsampled data, in cases of using PCC and SFS

for feature selection, using oversampled data slightly improved performance for Random forest and

Decision tree, but no such improvement is seen with SVM and Logistic regression. Undersampled

data consistently gave the lowest accuracy with all algorithms and feature selection methods, as

shown in Figure 9.
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Figure 9: Average accuracy of the machine learning models represented in the form of a
bar chart and box plot, for different sampling methods.

Overall, the best model was identified as a Random forest, trained using the expert-selected features

on the unsampled dataset, and consistently outperformed all others, with an accuracy of 99.73%

and AUC of 0.98. An area under the receiver operating curve graph of the best-performing model

is shown in Figure 10. Finally, table 9 summarizes the results of all the developed machine learning

models in different setups and their evaluations.

Figure 10: AUC under ROC curve for the best-performing model where Random forest
was used with expert-selected features on the original unbalanced dataset.
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Table 9: Evaluation of the machine learning models using accuracy (ACC), precision (PR),
recall (RE), specificity (SP), F1 score, Cohen’s Kappa (CK), and AUC.

FS method Sampling Model ACC PR RE SP F1 CK AUC

Expert
selected
features

No

LR 76.38 68.18 42.48 91.28 52.35 37.75 0.73
RF 99.73 99.14 100.00 99.62 99.57 99.37 0.98
SVM 75.45 67.44 37.91 91.95 48.54 34.04 0.73
DT 92.68 90.49 84.97 96.07 87.64 82.45 0.98

Over

LR 70.26 70.05 70.79 69.73 70.41 40.52 0.75
RF 98.47 99.41 97.51 99.43 98.45 96.93 0.98
SVM 70.35 70.10 70.98 69.73 70.54 40.71 0.75
DT 93.01 92.20 93.97 92.05 93.07 86.02 0.97

Under

LR 69.93 70.38 68.85 71.02 69.60 39.87 0.74
RF 97.17 94.64 100.00 94.34 97.25 94.34 0.97
SVM 70.15 70.51 69.28 71.02 69.89 40.31 0.74
DT 89.54 87.27 92.59 86.49 89.85 79.08 0.94

Pearson’s
Correlation
selected
features

No

LR 74.38 62.67 39.87 89.56 48.74 32.77 0.74
RF 91.28 86.12 85.19 93.97 85.65 79.39 0.87
SVM 73.79 62.08 36.38 90.23 45.88 30.10 0.73
DT 87.89 81.99 77.34 92.53 79.60 70.99 0.95

Over

LR 68.06 68.39 67.15 68.97 67.76 36.11 0.74
RF 94.25 95.56 92.82 95.69 94.17 88.51 0.9
SVM 68.20 68.52 67.34 69.06 67.92 36.39 0.74
DT 89.66 89.81 89.46 89.85 89.64 79.31 0.96

Under

LR 67.32 67.95 65.58 69.06 66.74 34.64 0.73
RF 91.94 90.19 94.12 89.76 92.11 83.88 0.85
SVM 66.88 68.24 63.18 70.59 65.61 33.77 0.73
DT 86.49 86.98 85.84 87.15 86.40 72.98 0.94

Sequential
Forward
feature
selection

No

LR 73.79 61.02 39.22 88.98 47.75 31.34 0.73
RF 99.53 98.92 99.56 99.52 99.24 98.90 0.93
SVM 73.45 61.11 35.95 89.94 45.27 29.27 0.73
DT 91.88 86.55 86.93 94.06 86.74 80.89 0.98

Over

LR 67.82 67.99 67.34 68.30 67.66 35.63 0.74
RF 98.32 99.41 97.22 99.43 98.31 96.65 0.94
SVM 67.77 67.79 67.72 67.82 67.75 35.54 0.74
DT 93.63 92.29 95.21 92.05 93.73 87.26 0.97

Under

LR 68.85 68.93 68.63 69.06 68.78 37.69 0.74
RF 96.51 93.48 100.00 93.03 96.63 93.03 0.91
SVM 68.74 68.86 68.41 69.06 68.63 37.47 0.73
DT 91.61 88.20 96.08 87.15 91.97 83.22 0.96

34



Chapter 6

Discussion and conclusion

Considering the extent of this topic which has limited research, this chapter has been kept separate

to provide an in-depth understanding of PPD caused suicidal ideation prediction. Accordingly, the

research findings such as the performance of the prediction models, why one was better than the

other in predicting PPD and suicidal tendencies, the variability, and analyzing key performance

metrics like precision, recall, F1 score, Kappa, and AUC will be discussed in this chapter. Further-

more, this study applied oversampling and undersampling techniques which led to specific changes

in the outcome which will be discussed in this chapter. Moving forward, from the many techniques

of feature selection, the purpose of selecting the specific techniques chosen for this study and their

analysis will be presented here. Many researchers have adopted different approaches to similar

solutions, a detailed comparison of their research emphasizing how they implemented their model

in search of a specific goal would bring more clarity to the topic and subtopics of this research.

Through the course of this study, many limitations and challenges have been identified, increasing

the time taken to complete this research or deviating from the initial approach. To overcome such

limitations and challenges, specific methods and approaches were adopted which will be discussed

in this chapter.

6.1 Model performance

The performance of various machine learning algorithms in predicting PPD-related suicidal ideation

was examined, focusing on how well each model balanced accuracy, recall, and specificity. Each

machine learning algorithm’s strengths and limitations are explored in terms of key performance

metrics such as accuracy, recall, specificity, F1 score, and kappa values.

Among all the machine learning algorithms, Random Forest consistently outperformed other mod-

els across different feature selection (FS) methods and sampling techniques, achieving the highest

accuracy and F1 score. Random Forest was able to maintain high values for both recall and speci-

ficity, indicating less of a trade-off and a more balanced performance, suggesting its effectiveness

in identifying suicidality cases and being able to distinguish between positive and negative cases

well. Kappa scores are consistently high for Random Forest indicating stronger agreement model

reliability.

Decision Trees also performed well, especially in terms of recall and specificity, showing strong

predictive power next to Random Forests with the highest AUC for models trained using SFS

and PCC selected features regardless of the sampling technique used. Kappa values for Decision

trees are also high, with the highest at 87.26%, indicating good model reliability. This indicates
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tree-based models like Decision tree and Random Forest are able to work well with categorical

features, capturing complex patterns and relationships between symptom and behavioral features

even when converted to numeric data using one hot encoding. With slightly lower recall values,

Decision Tree potentially lacks the robustness ensemble methods like Random forests can achieve,

which leads to missing some positive suicidal ideation cases.

Support Vector Machines (SVM) and Logistic Regression generally show lower performance com-

pared to the tree-based models, with logistic regression being slightly better than SVM in most

cases. Both show a clear trade-off between recall and specificity, where high recall often comes at

the cost of lower precision, and vice versa. This indicates the need for threshold tuning if such

a model is to be applied in the medical system. Logistic Regression and SVM also show lower

Kappa scores, often below 50%, reflecting less reliable performance compared to Random Forest

and Decision Tree models. Moreover, Logistic Regression and SVM show lower AUC values, gener-

ally around 0.73-0.76, indicating moderate predictive power. Consistent low performance of these

models may be due to their linear nature, making them unable to capture complex, nonlinear

interactions between predictors. It also shows these models face difficulty in handling categorical

data. The numeric transformation may not align well with the linear decision boundaries that

these models use, leading to poorer classification outcomes.

6.2 Sampling techniques

The influence of different sampling methods (Unbalanced, Oversampling, and Undersampling) on

machine learning algorithms were examined, with the goal of predicting Postpartum Depression

(PPD) leading to suicidal ideation. The findings show that the impact of these sampling methods

varied across models, highlighting their sensitivity to class imbalance.

When trained on an unbalanced dataset, where the minority class were individuals with suicidal

ideation, the models exhibited a range of behaviors depending on their ability to manage im-

balanced data. Random Forest demonstrated exceptional performance on the unbalanced data,

achieving high accuracy and recall. This suggests that Random forest, due to its ensemble nature

and robustness to overfitting, is highly effective at capturing patterns in both the majority and

minority classes, even without balancing the data. Decision Tree also performed relatively well

but showed a drop in recall, indicating that some suicidal ideation cases were misclassified. This

suggests that Decision Trees struggle more than RF when dealing with imbalanced data, but still

performs adequately. Logistic Regression and SVM, on the other hand, struggled significantly on

the unbalanced dataset, with very low readings for recall, F1 score and Cohen’s kappa. Both mod-

els exhibited poor performance in identifying the minority class, which is a common challenge for

algorithms that assume balanced class distributions. Their high specificity and low recall indicate

a bias toward the majority class, making them less effective in predicting the critical minority cases

of suicidal ideation.

Oversampling, which artificially increases the number of minority class instances, generally led to

improvements in model performance by providing a more balanced representation of classes during

training. Random Forest performance remained high with oversampling though slightly lower

than on the unbalanced dataset. This small decrease suggests that oversampling slightly increased

model complexity but did not significantly impact the algorithm’s ability to generalize across

classes. Decision Tree improved significantly with oversampling, with increase in accuracy, recall

and F1 score. The structure of Decision Trees is likely a contributing factor here, since Decision

Trees tend to split the data based on maximizing information gain at each node, the imbalance
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in data can result in skewed splits. Oversampling through SMOTE provides more minority class

instances, improving the chance that the Decision Tree can make more balanced decisions. Logistic

Regression and SVM showed the most improvement, even though accuracy was low, there was a

significant increase in recall, F1 score and Cohen’s kappa with oversampling compared to use of

unbalanced dataset. These results indicate that oversampling helped these linear models overcome

its limitations on imbalanced data, allowing for more balanced predictions between classes.

Undersampling, which reduces the majority class to match the size of the minority class, resulted in

more balanced predictions but often at the expense of overall accuracy. Using undersampled data

consistently resulted in the lowest accuracy for all the models. While undersampling balances the

class distribution, it also discards potentially valuable data, which can lead to a loss of important

information, hence reducing model performance.

6.3 Feature selection techniques

The study evaluated the impact of three feature selection (FS) methods namely, Expert, Pearson’s

Correlation Coefficient (PCC), and Sequential Feature Selection (SFS) on the performance of

four machine learning algorithms to determine how well these combinations predict postpartum

depression related suicidal ideation and to understand the interaction between FS methods and

algorithms.

Expert FS prioritizes features that are theoretically linked to suicidal ideation based on clinical

knowledge. Random forest and Decision trees showed high performance with these features possibly

due to their ability to handle complex patterns effectively. These models are able to handle

non-linear and hierarchical relationships, so they naturally benefit from this FS method. High

precision and recall of these models with expert-selected features suggest good balance, which is

critical in identifying suicidal ideation without too many false positives or negatives. In clinical or

sensitive domains like PPD-related suicidal ideation, using expert-selected features may provide

more interpretable results. On the other hand, Logistic Regression struggled with classification

when paired with Expert FS, leading to lower accuracy and poor precision-recall trade-offs. Logistic

Regression is a linear model, and the features selected by experts might not all exhibit a linear

relationship with the target variable. This could explain the moderate performance, particularly

in terms of precision and recall. Similarly, SVM consistently performed poorly with Expert FS,

showing the lowest precision and recall metrics. SVM performs best when the data has clear

boundaries between classes. The expert-selected features may not provide the necessary structure

for SVM to establish such boundaries effectively.

PCC FS selects features based on linear correlations with the target variable. Random Forest

and Decision Tree again showed significantly lower performance with PCC FS compare to other

methods. The reason behind this might be because these tree-based algorithms are nonlinear

models that can handle complex interactions between features, which statistically selected features

cannot capture, as these methods focus on high correlation over complex interaction between

predictors. In clinical datasets with complex relationships (like PPD-related suicidal ideation),

FS methods like PCC may oversimplify the feature interactions, leading to lower performance.

Logistic Regression and SVM performed reasonably well with PCC FS, with moderate precision,

recall, and F1 scores across all sampling techniques, due to the features’ strong linear correlation

with the target variable.

SFS works by iteratively selecting features that maximize performance. Random Forest and De-

cision Tree showed excellent results with SFS, with near-perfect scores in oversampling and high
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precision-recall balance. SFS can capture non-linear interactions between features that may have

been missed in other FS methods, this particularly benefits tree-based model due to their abil-

ity to capture non linear, complex interactions between predictors. Logistic regression and SVM

showed low performance with SFS, especially in precision and recall. While SFS introduced extra

features such as “age” and “irritability towards the baby” because they are not linearly correlated

but are significant predictors of the target variable when combined with the interactions of other

features, linear machine learning models could not process these complex interaction and treated

these features as noise, hence Logistic regression and SVM showed lowest performance with fea-

tures selected by SFS These algorithms are not suited to non-linear relationships, and fail to make

use of the complex interactions between predictors when making classifications.

The choice of FS method directly impacts the model’s ability to identify PPD-induced suicidal

ideation. For clinical applications to predicting suicidal ideation in PPD patients, tree-based

models like RF, paired with feature selection methods that emphasize both expert knowledge and

performance optimization, like Expert FS or SFS, provide the best results. These models offer

both high precision and recall, ensuring fewer missed cases and false alarms, which is critical in a

clinical setting. PCC, though useful for linear models, may not suffice for complex clinical datasets.

6.4 Comparison with existing research

Since this PPD-caused suicidal prediction model is a novel approach and no other similar model

exists, the results will be first compared with existing PPD-related prediction models and suicidality

prediction models in mental health research. The evaluation metric was used to compare the results

in the area under the receiver operating curve (AUC) since all the related studies shared their

results using this metric. From the two algorithms used by Betts et al. to predict PPD-related

psychiatric admissions, Gradient Boosted Trees showed the best performance with an AUC of 0.80

[126]. Zhang et al. implemented their model on questionnaire and scale data to conclude SVM as

the best predictor of PPD with an AUC of 0.81 [124]. Similarly, a study conducted by Andersson

et al. using Extreme Randomized Forests (ERT) performed best in predicting PPD with an AUC

of 0.81. [122]. Wakefield et al. reached even better performance using Random forest to predict

women requiring treatment for PPD with an AUC of 0.91 [125] and Zhang et al. reached an

AUC of 0.93 to predict the risk of pregnant women developing PPD in the future, using Logistic

regression [123]. Compared to these studies, the PPD-caused suicidal tendency prediction model

developed in this research provided comparatively better AUC as a performance measure ranging

from 0.86 to 0.98 using Random forest.

For studies focusing on predicting suicide attempts using questionnaire data, Su et al. utilized a

Random Forest (RF) model to predict suicide attempts in adolescents, achieving an AUC of 0.72

[139], Zuromski et al. predicted suicide attempts among soldiers after deployment using ensemble

methods achieving an AUC of 0.77 [147]. Additionally, for studies focusing on suicidal ideation

Donnely et al. and Rus Prelog et al. were able to achieve an AUC of 0.83 using Logistic regression

[142, 155]. Lastly, Wang et al. used a LightGBM (LGB) model and achieved an AUC of 90.1 to

predict suicidal behavior among the middle-aged population using Light gradient boosting [141].

Compared to these studies, the PPD caused suicidality prediction model developed in this research

showed a better AUC ranging from 0.86 to 0.98 using Random forest.
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6.5 Limitations and Challenges

Predicting the risk of suicide due to PPD is an important area to explore, given its potential impact

on maternal mental health and infant wellbeing. However, research in this domain faces several

limitations and challenges that can affect the validity and reliability of the findings.

6.5.1 Limitations

• Data acquisition limits: No previous studies on PPD-related suicide risk prediction; and

data curation was not possible due to time and funding constraints

• Use of online datasets: Absence of comprehensive data from varied geographic locations

and socioeconomic backgrounds in Bangladesh.

• Missing critical factors: Important characteristics were missing such as sociodemographic

data, family history, economic status, past medical history, and past mental health history

• Bias in dataset: Dataset may be biased because it is based on online survey, which cannot

be validated with psychiatric professionals and may be inaccurate due to underreporting,

bias, misinterpretation and cultural sensitivity.

• Small dataset size: Limited number of samples reduced statistical power and generaliz-

ability of the machine learning model

• Impact on advanced modeling: The absence of diverse data limits the application of

deep learning models like CNN and LSTM, which perform better with unstructured data.

6.5.2 Challenges

• Scarcity of datasets: Limited availability of online datasets hinders research on PPD and

suicide risk prediction.

• Access to diverse data sources: Medical records, clinical data, and social media data

are difficult to obtain due to privacy regulations and accessibility constraints.

• Data collection hurdles: Gathering comprehensive datasets is challenging due to privacy

issues, lack of institutional support, and difficulties in standardizing data across sources.

6.6 Conclusion

This research highlights the need for innovative approaches to address PPD and associated suicidal

tendencies among new mothers in Bangladesh, where traditional diagnostic methods face significant

challenges. By utilizing the rising potential of artificial intelligence (AI) and machine learning (ML)

algorithms, this study has successfully developed a predictive model to aid in the early detection

of PPD-related suicidal ideation, reducing diagnostic delay, and provide improved acces to patient

mental healtcare with resource recommendation, potentially transforming patient assessment and

intervention strategies.

A postpartum survey dataset collected from Bangladeshi participants, consisting of symptom and

behavioral data, which was preprocessed to ensure quality. Techniques such as missing value im-

putation, data conversion, and normalization were performed on the dataset to ensure proper

training of machine learning models. Different feature selection methods and sampling techniques
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were also applied to find the most optimal combination of features and a balanced dataset that

created a robust model. Multiple machine learning algorithms, including Logistic Regression (LR),

Support Vector Machine (SVM), Decision Tree (DT), and Random Forest (RF), were used to de-

velop the PPD-related suicidal ideation prediction model. The best hyperparameter combinations

were determined using a grid search technique with K-fold cross-validation. Finally, the developed

models were evaluated using key metrics such as accuracy, sensitivity, specificity, precision, F1

score, Cohen’s kappa and the area under the ROC curve (AUC).

Our findings show that Random Forest consistently outperformed other models across different fea-

ture selection methods and sampling techniques, achieving the highest accuracy, precision, recall,

specificity, F1 score, and Kappa values. Decision Tree models also demonstrated strong perfor-

mance, with high AUC values. On the other hand, logistic regression and SVM showed lower

performance, with highly varying results depending on the sampling techniques and feature se-

lection methods used with these algorithms. This can be explained by the tree-base nature of

Decision trees and ensemble technique of Random Forest, giving these an advantage in making

more accurate predictions.

When trained on an unbalanced dataset, Random Forest performed exceptionally well, achieving

high accuracy and recall, demonstrating its ability to handle imbalanced data effectively. Decision

Tree also performed adequately but had lower recall, misclassifying some cases of suicidal ideation.

Logistic Regression and SVM struggled with low recall and F1 scores, reflecting difficulty in iden-

tifying the minority class. Oversampling improved performance across all models, particularly for

Decision Tree as they are prone to overfitting, and linear models like Logistic Regression and SVM

as they are more sensitive to class imbalance, though undersampling led to balanced predictions

at the cost of overall accuracy due to the loss of valuable data.

The analysis also revealed that Decision Tree and Random Forest models benefitted from SFS and

expert-selected features due to their ability to manage complex interactions between features. In

comparison, expert feature selection and Pearson’s correlation yielded the best results for logistic

regression and SVM due to high correlation of predictors with target variables, while SFS selected

features with complexity that these linear models could not effectively handle.

When comparing the results with existing research on PPD and suicidal ideation prediction models,

this study outperformed existing models in both PPD and suicide prediction domains with Random

Forest and Decision Tree models achieving AUCs ranging from 0.86 to 0.98.

Despite the results, this study faced several limitations. The use of online datasets without the

use of validated scales or clinical diagnoses for PPD and suicidal ideation, the limited sample size

and missing attributes such as symptoms, risk factors and demographic information as predictors,

lack of different data types such as clinical data or social media data, all limited the scope of

this study and introduced challenges. Additionally, the preprocessing methods and the choice

of machine learning algorithms limited by computational power may have impacted the study’s

outcomes. Finally the model’s true efficacy, reliability, and adaptability in practical scenarios

remain uncertain for not being able to validate the results in a clinical setting with real patient

data.

The outcomes of this research hold significant implications for public health, particularly in mater-

nal mental health in Bangladesh. By allowing early identification of individuals at risk of suicide

due to PPD, this study contributes to the prevention of severe mental health outcomes and suicide

attempts among new mothers. The publication of research findings through two journal papers,

one as a systematic review and another detailing the developed model, contributes to advancing

maternal mental health (MMH) and sexual and reproductive health and rights (SRHR) research
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in Bangladesh. The practical applications of this research include Healthcare practitioners using

the developed predictive models to assess postpartum women for the risk of PPD, enabling early

intervention and support. Additionally, the early detection of suicidal tendencies among women

suffering from PPD gives time to use targeted interventions, such as psychiatrist allocation and

tailored treatment plans. By integrating AI-driven patient screening tools into healthcare systems,

clinicians can provide timely support and prevent PPD-related suicides, hence improving diagnosis

outcomes and treatment in Bangladesh’s mental health sector.

Moving forward, future research efforts should focus on expanding the scope and impact of pre-

dictive models for PPD in Bangladesh. This includes the creation of an extensive PPD dataset

incorporating clinical data during pregnancy, real-time sensor data, demography-specific informa-

tion of patients, patient social media data, etc, to diversify data collection and allow the use of

advanced machine learning algorithms. Additionally, further investigation on effects of other fea-

ture selection and sampling methods, including hybrid, adaptive, and other alternative techniques

should be explored in the context of suicidality prediction. Moreover, the effectiveness of deep

learning approaches, such as neural networks or attention-based models for suicidal ideation pre-

diction, should be investigated. Real-world testing in clinical settings is also essential to validate

the models’ effectiveness and adaptability under practical conditions, addressing complexities like

incomplete or noisy data. The development of a Computer-Aided Diagnostic (CAD) system will

further facilitate healthcare providers in patient screening and early detection of PPD, while de-

velopment of self diagnosing assessments through mobile application can help patients who are

unwilling to seek help due to cultural stigma. Nationwide interventions in hospital gynecology

departments to implement AI-based patient screening tools can also help with the early detec-

tion and prevention of PPD-related suicides. By addressing these future research directions, we

can advance the field of maternal mental health and improve outcomes for postpartum women in

Bangladesh and beyond.
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