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Abstract

This thesis explores the detection of suicidal ideation in online environments with

a speci�c focus on bereaved Reddit users. It addresses the overarching research

question: How can our understanding of human grief be employed to train Machine

Learning (ML) models to automatically detect suicidal ideation among bereaved users

in the online environment?

It integrates three perspectives: i) the humanities and social sciences, analyzing

how bereaved users with suicidal ideation describe their subjective experiences and

identi�es the key themes that emerge from these self-expressions; ii) digital tech-

nology, investigating the feasibility of applying ML models that integrate Natural

Language Processing (NLP) techniques with human interpretations of grief to detect

suicidal ideation in bereaved users, and iii) interdisciplinarity, intersecting both the

digital and humanities, focusing on ethical considerations associated with employing

ML-driven models to data that capture complex human experiences.

This thesis recommends strategies to ensure ethical and reliable practices where ML-

driven models are used to detect suicidal ideation: �rst, to respect users' autonomy

and privacy; and second, to explore the possibility of establishing a comprehensive

framework that involves specialized advisory boards of AI pioneers, mental health

professionals, ethics specialists, policymakers, legal experts, and data protection

authorities to facilitate 
exible and iterative ethics reviews that enable rapid adap-

tation to emergent risks posed by evolving ML tools. Such boards should also con-

sider the implications of data sources that exemplify the \privacy paradox", typical

of social media; of conducting ongoing research to improve model interpretability;

of fostering interdisciplinary collaboration among stakeholders to address potential

issues that may arise during both the development and deployment phases; and of

maintaining continuous dialogues to clarify accountability and liability for potential

misclassi�cations. These measures aim to balance the bene�ts of early detection

and intervention with the need to protect users' rights and well-being.

This thesis focuses on bereaved, English-speaking Reddit users, but the methodol-

ogy can be generalized to other cultural contexts or languages. It o�ers preliminary

insights into the online expression of suicidal ideation by bereaved individuals and

lays a foundation for future research aimed at re�ning and ethically implementing

automated detection systems for vulnerable populations. By blending humanities-

based analysis, ML-driven techniques, and a strong ethical framework, this thesis

deepens our understanding of how digital technologies can assist humans in identify-

ing suicidal ideation and contribute to more proactive mental health support.
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Chapter 1

Introduction

This thesis explores the use of Machine Learning (ML) technologies in the detection

of suicidal ideation in online environments with a speci�c focus on bereaved Red-

dit 1 users. Four key concepts underlie this interdisciplinary thesis: suicidal ideation,

bereavement and complicated grief (CG), ML-driven technologies incorporating Nat-

ural Language Processing (NLP), and online platforms as a data source.

Suicidal ideation has been recognized as one key factor (Morgan and Stanton 1997;

Horowitz et al. 2013; Chan et al. 2014; Boudreaux et al. 2016; Han et al. 2016; Ji et al.

2018; Sp��nola et al. 2022) for predicting those at risk of suicidal behaviour. While not

every individual who experiences suicidal ideation will attempt or complete suicide,

it is a signi�cant warning sign (Horwitz et al. 2015; Harmer et al. 2024) that someone

may be at risk and in need of immediate support and possibly intervention.

Also known as suicidal thoughts or ideas, suicidal ideation encompasses a broad

spectrum of experiences. This spectrum ranges from passive suicidal ideation, which

involves a desire for death without a speci�c method, plan, or imminent intention

to kill oneself (e.g., simply wishing to be dead) (Bantjes et al. 2016; Harmer et al.

2024), to active suicidal ideation, which can include 
eeting or extensive suicidal

thoughts, detailed planning2, \roleplaying" behaviours (such as standing on a chair

with a noose around the neck)3, and/or incomplete attempts carried out in ways

intended to fail or be discovered, or fully intended to result in death yet do not

succeed4.

1https://www.reddit.com
2As de�ned by Gliatto and Rai 1999; Ogunwale 2016; Pervin and Ferdowshi 2016; Mazaba et

al. 2017; Ji et al. 2018; Suthar 2018; Rosario-Hern�andez et al. 2019; Patidar and Darji 2019;
Akurathi 2019; Xiong et al. 2020; Bajaj and Makkar 2020; Narynov et al. 2020; Zhang et al.
2020; Takyun et al. 2020; Ji 2020; Zewdu et al. 2021; Shekwolo et al. 2021; Berhe et al. 2022;
Abdulganiyu et al. 2023.

3As de�ned by Ogunwale 2016; Pervin and Ferdowshi 2016; Mazaba et al. 2017; Rosario-
Hern�andez et al. 2019; Patidar and Darji 2019; Narynov et al. 2020; Ji 2020; Berhe et al. 2022.

4As de�ned by Ogunwale 2016; Pervin and Ferdowshi 2016; Ji et al. 2018; Rosario-Hern�andez
et al. 2019; Patidar and Darji 2019; Narynov et al. 2020; Zhang et al. 2020; Xiong et al. 2020; Ji
2020; Zewdu et al. 2021; Berhe et al. 2022.
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2 Chapter 1. Introduction

Active ideation, due to its explicit and direct nature, is often comparatively easier

to identify through clear statements such as \I want to take my own life" (Thanh

et al. 2012) and \I want to kill myself" (Park and Kim 2019).

By contrast, passive ideation is often less direct, more subtle, and sometimes implicit.

It can be conveyed as a wish not to wake up (Paykel et al. 1974; Giddens and Sheehan

2014; Wastler et al. 2023), a desire to \disappear," (Wastler et al. 2023), or general

indi�erence toward living.

More speci�c and illustrative de�nitions of passive ideation can be found in well-

established assessment tools. For instance, the Modi�ed Scale for Suicidal Ideation

(Miller et al. 1986) includes self-report items that capture the indirect thoughts from

passive ideators, such as:

ˆ Right now would you deliberately ignore taking care of your health?

ˆ Do you feel like trying to die by eating too much (too little), drinking too much

(too little), or by not taking needed medications?

ˆ Over the past day or two, have you thought it might be good to leave life or death

to chance, for example, carelessly crossing a busy street, driving recklessly, or

even walking alone at night in a rough part of town?

Similarly, in the Beck Scale for Suicidal Ideation (Beck et al. 1979), passive suicidal

desire is assessed through items such asI would take a chance on life or death if I

found myself in a life-threatening situationand I would not take the steps necessary

to avoid death if I found myself in a life-threatening situation.

In addition, the Passive Suicidal Ideation Scale (May et al. 2015) identi�es individ-

uals as passive ideators if they respondyes to items like better o� if I were dead or

family better o� if I were dead.

Collectively, these assessment items demonstrate that even minimal or passive ex-

pressions of wanting to die fall under the broader category of suicidal ideation.

However, because individuals with passive ideation often do not convey a clear in-

tention nor immediate plan to end their own lives, some clinicians or therapists

have, at times, interpreted passive ideation as indicative of relatively lower suicide

risk (Lai et al. 2018). When a patient reports passive ideation, a clinician may

even \feel relieved" and opt not to complete a thorough suicide risk assessment or

risk-prevention plan (ibid.). Such an approach is problematic as it can reinforce

the misconception that passive ideation carries less clinical signi�cance than active

ideation, and, in the worst-case scenario, can lead to missed opportunities for timely

intervention (May et al. 2015).
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Despite the absence of an explicit plan or a strong desire to end one's life, passive

ideation, like active thoughts, is associated with increased odds of attempting suicide

(Wastler et al. 2022, 2023). A survey of the U.S. population found that at least one-

third of adults reporting a prior suicide attempt indicated they had never formed

a plan (Crosby et al. 1999). Another investigation based on two large population

surveys (total n = 85,955) suggests that there is no signi�cant di�erence in the

likelihood of lifetime suicide attempts between individuals with passive and active

ideation (Baca-Garcia et al. 2011). May et al. (2015) similarly observed that people

experiencing passive thoughts had the same incidence of prior suicide attempts as

those with active thoughts, and Barry et al. (2016) showed that both forms of

ideation may be similarly linked to subsequent suicidal behaviours. It has also been

observed that when passive ideation exists, active thoughts can also coexist or may

develop quickly without warning (Lai et al. 2018).

These �ndings highlight that recognizing passive ideation is just as essential to

assessing suicidal risk as identifying active ideation. When evaluating an individual's

risk for suicide, exploring their wishes for death or ambivalence about continuing

to live can provide information that is as valuable as assessing explicit suicidal

plans.

Bereaved individuals are a particularly vulnerable subgroup among individuals who

experience suicidal thoughts. Loss of a loved one is among the most painful events

in one's life and can carry signi�cant physical, psychological, and social implica-

tions (Drucker et al. 2025). While bereavement is an inevitable part of the human

experience, and many who experience it eventually return to normal functioning,

some remain especially vulnerable to mental health challenges, including suicidality

(e.g., Stroebe and Stroebe 1987; Stroebe et al. 2005; Pitman et al. 2016; Molina

et al. 2019; Gra�adeli et al. 2021; Drucker et al. 2025). Previous research indicates

that suicide rates are higher among bereaved individuals and constitutes one of the

primary causes of death in this group (e.g., Luoma and Pearson 2002; Stroebe et al.

2005; Erlangsen et al. 2017; Westerlund et al. 2020). These �ndings illustrate the

critical importance of identifying those at heightened risk.

At-risk individuals may express their thoughts and feelings online. These plat-

forms can feel less intimidating than face-to-face interactions, providing a sense of

anonymity and the possibility of connecting with others who face or have faced sim-

ilar challenges (Robinson et al. 2016; Robinson et al. 2017; Dodemaide et al. 2019;

Sedgwick et al. 2019; Wang et al. 2019; Pourmand et al. 2019; Yeo 2021; S�rensen

et al. 2023). Indeed, both individuals with suicidal ideation5 and those who are

5As shown by, for example, Yao et al. 2020; Mittal et al. 2021; Li et al. 2021; Haque et al.



4 Chapter 1. Introduction

experiencing bereavement6 are turning to social media to share their experiences

and express their distress. The sheer volume of content available online presents

promising opportunities to explore suicidal ideation among individuals experiencing

bereavement. Yet, despite this potential, few studies have speci�cally examined this

particular vulnerable population.

The large amount of data generated on online platforms (Perikos and Hatzilyger-

oudis 2018; Elsayed et al. 2019; Seman and Atiqah Razmi 2020; Balaji et al. 2021;

Jangir et al. 2024) makes manual identi�cation of suicidal ideation impractical. To

overcome this challenge, previous studies in this �eld have extensively employed ML

methods incorporating NLP techniques to automatically detect suicidal ideation in

online environments (Xu 2022). ML is a branch of Arti�cial Intelligence (AI) that

enables computer systems to autonomously \learn" from given datasets without

being explicitly programmed for speci�c tasks (Samuel 1959; Sharma and Kumar

2017; Bi et al. 2019; Al-Sahaf et al. 2019; Mathur et al. 2020; Chaurasia and Pal

2020; Sarker 2021; Yazici et al. 2023; Taherdoost 2023; Sandu et al. 2024). This

learning process involves observing data as direct experience or instruction and au-

tonomously �nding meaningful patterns within the data, allowing the system to

make accurate predictions and/or decisions with little human intervention (Shalev-

Shwartz and Ben-David 2014; Angra and Ahuja 2017; Nasteski 2017; Jamal et al.

2018; Chaurasia and Pal 2020; Fran�ca et al. 2021; Sandu et al. 2024). ML methods

have become extensively utilized for various tasks that demand the extraction of

valuable insights from vast and complex data sets (Shalev-Shwartz and Ben-David

2014) in a wide range of �elds, including business7, education8, cybersecurity9, law10,

public policy11, environment science12, or healthcare13.

2021; Nikhileswar et al. 2021; Garc��a-Galindo et al. 2022; Liu et al. 2022; Chadha et al. 2022;
Chadha and Kaushik 2022; Ji et al. 2022; Kodati and Tene 2023; Lee et al. 2023; Bashir et al.
2024; Gorai and Shaw 2024.

6As shown by Brubaker et al. 2012; Walter 2015; Willis and Ferrucci 2017; Thimm and Nehls
2017; Brubaker et al. 2019; Moore et al. 2019; Varga and Varga 2021; Azzahra and Jegathesan
2022; Pavlikova et al. 2023; Leaune et al. 2024.

7e.g., Mori et al. 2012; Song et al. 2018; Kulshrestha and Saini 2020; Carmona et al. 2022;
Ahamed et al. 2023.

8e.g., Halde 2016; Le et al. 2016; Ciolacu et al. 2017; Ho et al. 2021.
9e.g., Abu-Nimeh et al. 2007; Goseva-Popstojanova et al. 2014; Rao and Pais 2019; Dornadula

and Geetha 2019.
10e.g., Barros et al. 2018; Medvedeva et al. 2020; Sengupta and Dave 2022; Thomaidou and

Berryessa 2023.
11e.g., Hong et al. 2018; Andini et al. 2018; Choi et al. 2024.
12e.g., Liu et al. 2020; Lu and Ma 2020; Lyu et al. 2022; Zhao et al. 2023.
13e.g., Kandhasamy and Balamurali 2015; Charleonnan et al. 2016; Asri et al. 2016; Zheng et

al. 2017; Sharma et al. 2017; Barros et al. 2017; Tate et al. 2020; Neelaveni and Devasana 2020;
Mohammed et al. 2020; Jain et al. 2021; Rezapour and Hansen 2022.
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NLP, also a �eld within AI, focuses on enabling computer systems to understand,

interpret, and generate human language (Bohr and Memarzadeh 2020; Vajjala et al.

2020; Khurana et al. 2023). NLP techniques such as Part of Speech (POS) tagging

can be applied to analyze patterns in word usage (Banga and Mehndiratta 2017;

Nair and Thushara 2024), and N-gram14 to capture contextual nuances (Basyouni

et al. 2024). By combining NLP techniques, ML methods may be able to analyze

textual data and detect cues indicative of suicidal ideation, identifying at-risk users

(e.g. Meraliyev et al. 2021; Haque et al. 2022; Bashir et al. 2024).

One might argue that suicidal ideation is more likely to be observed if the user has

anonymity, yet identifying suicidal ideation is potentially only of bene�t if the indi-

vidual can then be identi�ed to allow some form of intervention. This results in a

tension between the protections of anonymity and the potential bene�ts of interven-

tion for at-risk users. Even without de-anonymising users, however, platforms can

develop supportive features. For example, back in 2021, Twitter (now X) introduced

a prompt that appears when its algorithms detect a tweet may be harmful or o�en-

sive, asking users to reconsider before posting15. In the context of suicide prevention,

analogous prompts could encourage other users to compose compassionate replies

to a detected at-risk post, automatically suppress content with potential for harm,

and surface their published listings of available support resources16. Where more

direct help is appropriate, platforms can o�er opt-in referrals to trusted professional

support, collecting identi�able details only upon the user's explicit consent as any

direct intervention risks privacy violation and may contribute to trauma or stigma.

These ethical implications are discussed later in the thesis.

Research Question

This thesis addresses an identi�ed gap in existing research by applying an interdis-

ciplinary methodological framework, integrating perspectives from the humanities

and social sciences, digital technology, and the intersection of both. The research

agenda at the centre of this project is based on the key question:

How can our understanding of human grief be employed to train ML

models to automatically detect suicidal ideation among bereaved users in

the online environment?

14An N-gram represents a sequence of N words extracted from a text (Nandanwar and Nallamolu
2021; Patel and Meehan 2021; Basyouni et al. 2023a,b, 2024; Jurafsky and Martin 2024).

15https://www.theguardian.com/technology/2021/may/06/twitter-launches-prompt-i
n-bid-to-reduce-abusive-language

16e.g., https://support.reddithelp.com/hc/en-us/articles/360043513931-What-do-I-d
o-if-someone-talks-about-seriously-hurting-themselves-or-is-considering-suicide ,
https://help.x.com/en/safety-and-security/self-harm-and-suicide and https:
//www.meta.com/en-gb/safety/crisis-support-resources/
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This thesis addresses the question by employing a qualitative thematic analytic

approach (following the methodology of Braun and Clarke (2006)) to explore and

depict the subjective experiences of bereaved users with suicidal ideation. Theoret-

ical frameworks related to grief and suicide17 have been employed to interpret and

provide context for identi�ed themes. This framework-driven approach goes beyond

simply identifying patterns in subjective personal experiences (which focuses on the

`what') to exploring the underlying contexts and motivations (which address the

`why'). By prioritizing human narratives, the thematic analysis ensures that this

thesis captures the depth and complexity of the human-generated content, main-

taining authenticity while addressing sensitive topics with care, understanding, and

ethical responsibility.

Thesis Structure

The thesis is structured as follows:

ˆ Chapter 2 provides a comprehensive introduction by de�ning key concepts,

i.e., suicidal ideation, bereavement, mourning, and grief, and the relationship

between suicidal ideation and bereavement. The results of a systematic survey

of existing literature that was conducted as part of this chapter to help identify

the current research gap are summarised.

ˆ Chapter 3 outlines the interdisciplinary methodological framework of this

thesis and details the approaches used within it. A systematic survey (con-

ducted to comprehensively summarize the state-of-the-art methods for detect-

ing online suicidal ideation) guided the selection of approaches and strategies

in this thesis, including the data source, the data collecting strategy, data pre-

processing methods, NLP techniques, and ML classi�ers, and is reported on

in this chapter. It also introduces the qualitative thematic analysis approach

used in Chapter 4 and the systematic surveys conducted in Chapter 6.

ˆ Chapter 4 presents a qualitative study using a thematic analysis approach

to explore the subjective suicidal experiences of bereaved Reddit users and

illustrates the trajectory from bereavement toward suicidal ideation.

ˆ Chapter 5 investigates the feasibility of applying ML-driven technologies

17These frameworks include Worden's four basic tasks of grieving (Worden 2018), Bonanno and
Kaltman's four fundamental components of the grieving process (Bonanno and Kaltman 1999),
Durkheim's Theory of Suicide (Durkheim 1897), the Hopelessness Theory of Suicide (Abramson
et al. 1989, 2000; Klonsky et al. 2012), Shneidman's Theory of Psychache (Shneidman 1985, 1987,
1993), Baumeister's Escape Theory (Baumeister 1990), Williams' Cry of Pain Model of Suicide
(Williams and Pollock 2000; Williams 2001; Williams and Pollock 2001), Interpersonal Psycholog-
ical Theory of Suicide (Joiner Jr 2005), the Three-Step Theory of Suicide (Klonsky and May 2015;
Klonsky et al. 2021), and Integrated Motivational-Volitional (IMV) Model of Suicide (O'Connor
and Kirtley 2018).
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through conducting two exploratory classi�cation tasks: (1) integrating NLP

techniques within supervised ML classi�ers to assess whether these technolo-

gies are able to distinguish suicidal post by bereaved users from non-suicidal

posts by large online populations, and (2) incorporating annotation features

that encapsulate human understanding and interpretation of grief reactions to

explore the potential of combining digital technologies with specialized human

knowledge to identify suicidal posts explicitly among bereaved individuals.

ˆ Chapter 6 provides an analysis on the ethical issues related to using auto-

matic ML technologies for detecting suicidal ideation through two systematic

surveys. It summarises identi�ed challenges and limitations, and presents a

number of recommendations as to how to address them.

ˆ Chapter 7 concludes the thesis by summarizing the key �ndings from Chap-

ters 4, 5, and 6, and by re
ecting on the limitations of this work, as well as

suggesting possible avenues for future research.

Ethics Approval

Ethical approval for this research was obtained from the Australian National Uni-

versity (ANU) Human Research Ethics Committee (HREC) on the 29th of March

2021, Protocol Number: 2021/004 (See Appendix). The research was carried out

following the conditions of the ethics committee's approval.

This research respects the privacy and autonomy of individuals who publish posts.

None of the authors of any online posts collected in this research have been contacted,

and all data has been anonymized before analysis. Only text-based information was

collected, and image data that could contain identifying details was not crawled.

All statements from users' posts that are referenced to illustrate identi�ed themes

in Chapter 4 were rephrased and anonymized.

In order to evaluate the reliability of the data annotated (by me) in the research

reported in this thesis, a second annotator was engaged to calculate inter-rater re-

liability (IRR). The level of reliability in these annotation results depends on both

the extent of disagreement between annotators (McHugh 2012) and the clarity and

feasibility of the annotation guideline developed in this thesis (Chapter 3), which

can be re�ned by identifying and clarifying ambiguities that emerge when the sec-

ond annotator applies them to annotate the data. Before o�cially beginning the

annotation tasks for this thesis, the second annotator was informed that participa-

tion was entirely voluntary. Had the annotator experienced signs of stress during

the annotation process, the ANU Psychology Clinic18, The Canberra Psychology

18https://medicine-psychology.anu.edu.au/services/anu-psychology-clinic



8 Chapter 1. Introduction

Centre19, or Lifeline Australia20 would have been immediately contacted to seek

professional help. The annotator was also informed of their rights: that they could

decline to take part or withdraw from the annotation work at any time without the

need to provide an explanation; they could refuse to annotate any post; and, if the

annotator was to withdraw, all their annotations would either be destroyed (and not

used in any way), or they could choose to allow this project to continue to use the

existing annotations. All decisions made by the annotator were fully respected. To

acknowledge the annotator's time and e�ort, they were compensated with shopping

gift cards. The annotator signed a consent form con�rming their understanding of

the project's description, methodology, and the use of their annotations, as well as

their rights concerning participation, withdrawal, remuneration, risks, and bene�ts.

The annotator also signed a con�dentiality agreement, agreeing that all information

provided during the project was con�dential and would not be used or disclosed

except as required in the course of their duties as an annotator and committing to

storing any annotations securely as directed and destroying any remaining copies in

their possession once their involvement in the project ends.

Due to the sensitive nature of this study, I remained in regular contact with the

Chair/Primary Supervisor, as well as having a peer support system in place. This

communication provided guidance, support, and oversight throughout the research

process, helping to address any emotional or ethical challenges that may have arisen.

Even before starting this thesis, I had prior experience conducting research on topics

involving death and dying in online contexts, demonstrating my ability to manage

exposure to negative online content and sensitive data. Had I experienced any signs

of stress and/or distress, I would have immediately sought professional assistance

from my general practitioner (GP) and therapist.

Contributions to Knowledge

The thesis reports on several contributions to knowledge. These include the sum-

mative results of a number of systematic surveys, covering data collection, method-

ologies, and research ethics. One of these surveys was published (Xu 2022), and is

included in this thesis as part of Chapter 3.

The thesis concludes with the identi�cation of key challenges for researchers work-

ing in this interdisciplinary space, and provides recommendations as to how these

could best be tackled. One of the most important contributions of this thesis is an

interdisciplinary perspective to the issues of ethical considerations associated with

employing ML-driven technologies to data that capture complex human experiences.

19https://cpccf.com.au/
20https://www.lifeline.org.au/
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It (1) identi�es the ethical challenges highlighted in empirical and conceptual studies;

(2) investigates how ethical practices are disclosed in empirical studies that utilize

ML-driven technologies for detecting suicidal ideation; and (3) outlines recommen-

dations for advancing from proof-of-concept research to real-world implementation

of ML-driven technologies.

The thesis ultimately recommends patience in the application of ML-driven tech-

nologies as applied to the detection of bereaved users on Reddit who express suicidal

ideation. Just because we can apply these tools does not mean that we should rush

into doing so hastily, uncritically, or without clear ethical considerations.



Chapter 2

Background

This chapter addresses key concepts, surveys previous empirical research �ndings,

and identi�es current gaps in existing knowledge related to the study of suicidal

ideation detection, with a particular focus on bereaved individuals.

Suicide has been described as \death caused by self-directed injurious behaviour

with any intent to die as a result of the behaviour" (Goodfellow et al. 2019). Each

year, more than 700,000 people die by suicide1. It is a leading cause of mortality

worldwide. This issue a�ects individuals of all ages. In 2022, suicide was the second

leading cause of death among individuals aged 10{14 and 25{34, and it was also

among the top nine leading causes of death for those aged 10{642. Furthermore, for

each suicide, up to 135 people, including family members, friends, coworkers, and

�rst responders, are a�ected (Cerel et al. 2019). Unlike some pathological causes

(i.e., disease) or accidental death, suicide is often preventable through timely and

appropriate interventions.

Signi�cant e�orts are directed toward the early detection and prevention of suicide

risk, with suicidal ideation recognized as one key predictor of suicide attempts and

fatalities (Morgan and Stanton 1997; Stroebe et al. 2005; Horowitz et al. 2013;

Chan et al. 2014; May et al. 2015; Boudreaux et al. 2016; Han et al. 2016; Klonsky

et al. 2016; Rossom et al. 2017; Ji et al. 2018; Sp��nola et al. 2022). It is also the

key antecedent for understanding mechanisms and pathways that lead to suicide

(Ghasemi et al. 2015). Therefore, identifying suicidal ideation at an early stage is

crucial for suicide prevention and intervention strategies.

1https://www.who.int/health-topics/suicide
2https://www.cdc.gov/suicide/facts/index.html

10
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2.1 Identifying Suicidal Ideation

2.1.1 Typical approaches in o�ine environment

Typical approaches to identifying suicidal ideation include clinical interviews (e.g.

Shea 1998; Reynolds 1990) and self-reported measures (as mentioned above) (e.g.

Beck et al. 1979; Cull and Gill 1982; Reynolds 1988; Osman et al. 1998; Reynolds

and Mazza 1999; Posner et al. 2011; van Spijker et al. 2014). Although these ap-

proaches have been utilised extensively with high validity, there are still several

weaknesses.

First, both clinical interviews and self-reported measures require individual partici-

pation, but at-risk individuals may be unmotivated to engage with or seek help from

professionals (e.g. Rickwood et al. 2007; Wilson et al. 2010; Dey and Jorm 2016; Ras-

mussen et al. 2018; Han et al. 2018). They might also misread the self-report item

or misinterpret the professional's interview questions (e.g. Velting et al. 1998; Lungu

et al. 2019), conceal their inner feelings in psychotherapy, not report their suicidal

ideation (e.g. Richards et al. 2019; Blanchard and Farber 2020) or exaggerate or

misrepresent the severity of their intents (e.g. Velting et al. 1998; Rissmiller et al.

1998). All these risks decrease the validity of the assessment results.

Second, these approaches might not be suitable for identifying real-time changes in

an individual's ideation and/or capturing the immediate risks that might require

urgent intervention. An individual's internal state is dynamic and could be in
u-

enced by various factors, thereby changing the ideation and the likelihood of future

attempts (Baek et al. 2021). Additionally, the progression from the emergence of

the individual's ideation to the completion of an attempt is generally short. In

one study, almost half of the patients reported that the time between their �rst

current ideation and the actual attempt was 10 minutes or less (Deisenhammer

et al. 2009). Therefore, the in-the-moment interviews conducted during the clinic

visit, as well as self-report tools used at a particular point that rely on individuals'

retrospective reporting, might be less capable of detecting sudden shifts in intent.

Moreover, engaging in lengthy assessments could even exert an extra stress on those

vulnerable individuals (Terrill et al. 2021) and itself alter the very thoughts being

measured.

Third, these approaches are relatively expensive due to the need for trained personnel

to conduct the assessment (Aloba et al. 2018; Shim et al. 2023), and the signi�cant

time required to complete the assessment (Aloba et al. 2018). Clinical interviews,

which typically take 20 to 30 minutes depending on the severity of the intent, require

clinicians to undergo specialized training to provide appropriate responses (McCabe
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et al. 2017) and deliver reliable and valid assessments (Reynolds and Mazza 1999).

Similarly, interpreting self-reported data also demands training, as these data are

susceptible to various biases, such as social desirability bias, where individuals may

report in a manner that they believe will `look good' (Velting et al. 1998; Rosenman

et al. 2011; Althubaiti 2016). Even professionals need to be trained to understand

the potential biases that accompany self-reported information (Althubaiti 2016),

ensuring accurate analysis and drawing meaningful conclusions.

Furthermore, mental health professionals, particularly psychiatrists, face high rates

of suicide themselves (Dutheil et al. 2019). One explanation for this is their higher

levels of occupational-related psychological distress, which could result from their

exposure to suicide (Lyra et al. 2021).

This highlights the need to explore more e�cient approaches to identify individuals

with suicide ideation without driving up costs or imposing extra burdens on the cur-

rent clinical system (Braithwaite et al. 2016). On top of that, to prevent additional

harm to both vulnerable individuals and overburdened mental health profession-

als, any method that can detect one's suicidal ideation in a natural setting without

requiring much e�ort and less confronting is preferable (Cheng et al. 2017).

2.1.2 The potential of the online platforms

Online platforms, i.e., di�erent types of social media, could contribute to this e�ort.

Without the pressure of face-to-face interactions and with the sense of security

provided by anonymity (Robinson et al. 2016; Dodemaide et al. 2019; Sedgwick et al.

2019; Yeo 2021), individuals with suicidal ideation can use social media to reveal

their thoughts, share their attempts-related experiences, and seek help and support

from users who are similar to themselves (e.g. Robinson et al. 2017; Wang et al.

2019; Pourmand et al. 2019; S�rensen et al. 2023). In particular, those who share

their day-to-day struggles in real-time can contribute to more reliable assessment

results, as their immediate sharing helps minimize misleading interpretations or

inaccurate diagnoses caused by the known issues of recall bias3 (Hoertel et al. 2015;

Wang et al. 2018; Tadesse et al. 2020; Del Carpio et al. 2021; Teismann et al. 2024)

present in psychological evaluations. By taking advantage of the openness (Burnap

et al. 2015; O'Dea et al. 2017; Burnap et al. 2017) and speed (Varathan and Talib

2014; Burnap et al. 2017) of social media, at-risk individuals might be identi�ed in

a timely manner (Li et al. 2012; Varathan and Talib 2014; Zhang et al. 2014; Guan

3Recall bias refers to the inaccuracies that arise when individuals retrospectively report on their
behaviours, emotions, or cognitions, such as forgetting a past event or remembering an event that
did not happen (Hassan 2005; Brusco and Watts 2015; van den Heuvel et al. 2021).
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et al. 2015; Lv et al. 2015; Wang et al. 2018), allowing for early intervention.

2.2 Suicidal Ideation in Bereaved Individuals

This thesis examines suicidal ideation in a social media context for analyzing user-

generated content. Rather than examining the general online population, it specif-

ically focuses on individuals who have experienced bereavement and have posted

content on the Reddit platform.

2.2.1 De�ning Bereavement, Grief, and Mourning

Bereavement, grief, and mourning are terms that are often used interchangeably

(Zisook and Shear 2009; Melhem and Brent 2011; Corless et al. 2014). While doing

so is not necessarily incorrect, distinguishing each term provides a clearer under-

standing of the di�erent components of the experience of loss (Shear 2012).

Bereavement refers to the state of having su�ered a loss, encompassing the various

experiences, changes, and circumstances that arise following the death of someone

close (Abi-Hashem 1999; Stroebe et al. 2008; Zisook and Shear 2009; Shear 2012;

Shear et al. 2013; Shear 2015). It is a universally stressful life event that, sooner

or later, becomes part of most people's experience (Stroebe and Stroebe 2012).

Detailed statistics speci�cally addressing bereavement experiences are limited, but

the 2021 Australian census gives some indication as to the prevalence of bereavement,

over one million Australians are widowed4. The Australian Bureau of Statistics

reported 183,131 deaths registered in 20235.

Grief is generally understood as a multifaceted response to bereavement, involv-

ing emotional, cognitive, functional and behavioural reactions (Stroebe et al. 2008;

Zisook and Shear 2009; Stroebe and Stroebe 2012; Shear 2012; Shear et al. 2013).

The related term, mourning, typically refers to the external manifestations of grief

shaped by social and cultural rituals such as funerals or visitations (Stroebe and

Stroebe 2012; Shear 2012).

4https://www.abs.gov.au/media-centre/media-releases/2021-census-shows-changin
g-face-australias-6-million-families

5https://www.abs.gov.au/statistics/people/population/deaths-australia/latest-r
elease
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Typical Grief and Complicated Grief

Typical grief responses occur across several interrelated domains, including a�ective,

behavioural, cognitive, physiological and somatic dimensions (Stroebe and Stroebe

2012). A�ective reactions commonly involve feelings such as depression, despair,

anxiety, guilt, anger, longing, and loneliness; behaviourally, grieving individuals

may exhibit agitation, fatigue, crying, and social withdrawal; cognitive reactions

frequently include preoccupation with thoughts of the deceased, lowered self-esteem,

self-blame, helplessness, hopelessness, a sense of unreality, di�culties with memory

and concentration, and suicidal ideation. Physiological and somatic, grief can trig-

ger issues such as appetite and/or sleep disturbances, energy loss and exhaustion,

physical complaints (sometimes mirroring symptoms experienced by the deceased),

changes in drug or alcohol use, and increased susceptibility to illness.

Most bereaved individuals experience manageable levels of these reactions and even-

tually show resilience, recovering both emotionally and physically over time (Shear

and Shair 2005; Stroebe and Stroebe 2012). However, a minority of bereaved per-

sons can develop complications in the grieving process itself (Shear and Shair 2005;

Zisook and Shear 2009; Stroebe and Stroebe 2012; Shear 2015). Such complications

are commonly termed complicated grief (CG), also referred to as prolonged grief

disorder, persistent complex bereavement disorder, pathological grief, or traumatic

grief (Shear et al. 2013; Simon et al. 2018; Iglewicz et al. 2020). CG deviates from

culturally and societally expected grief experiences in either duration or intensity

(or both) (Stroebe and Stroebe 2012).

According to Shear (2012):

\We use the term `complicated' in the medical sense to refer to a super-

imposed process that alters grief and modi�es its course for the worse.

Think about a physical wound that produces an in
ammatory response

as part of the healing process. A wound complication, for example an

infection, increases the in
ammation and delays healing. You can think

of bereavement as analogous to an injury and grief as analogous to the

painful in
ammatory response and complicated grief as analogous to a

superimposed infection. The result is delayed healing and increased pain

which occurs because aspects of a person's response to the circumstances

or consequences of the death derail the mourning process, interfering

with learning, and preventing the natural healing process from progress-

ing." (p.122)
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Prevalence of Complicated Grief

It is estimated that between 7-20% of bereaved individuals will develop CG (Sung

et al. 2011; Shear 2012; Simon 2013; Zisook et al. 2014; Olaolu et al. 2020; Johns

et al. 2020). This estimate may, however, now require re-examination in light of

COVID-19.

In early 2020, the COVID-19 pandemic erupted globally (Goveas and Shear 2020;

Drucker et al. 2025). It led to a substantial increase in unexpected deaths and caused

numerous individuals worldwide to lose loved ones6 (Johns et al. 2020; Goveas and

Shear 2020; Drucker et al. 2025). Coping with bereavement under these uniquely

challenging circumstances has signi�cantly impacted the grieving process, poten-

tially increasing the prevalence of CG (Eisma et al. 2020; Goveas and Shear 2020;

Johns et al. 2020; Diolaiuti et al. 2021; Drucker et al. 2025) beyond previously

reported estimates.

Deaths caused by COVID-19 often occurred swiftly, suddenly, and unexpectedly,

leaving families and friends experiencing these losses as particularly shocking (Johns

et al. 2020; Torrens-Burton et al. 2022). Such sudden, unanticipated losses are rec-

ognized as major risk factors contributing to the development of CG (Johns et al.

2020). Furthermore, government-imposed policies intended to control the spread of

the virus, especially social distancing restrictions, signi�cantly disrupted traditional

mourning practices following death (Johns et al. 2020; Goveas and Shear 2020; Di-

olaiuti et al. 2021; Torrens-Burton et al. 2022; Drucker et al. 2025) that typically

comfort bereaved individuals, easing their emotional pain and facilitating the heal-

ing process (Gamino et al. 2000; Lensing 2001). Family members and friends were

often unable to visit loved ones during their �nal moments (Torrens-Burton et al.

2022). Pandemic-related restrictions also severely limited or prohibited traditional

funeral services, memorial gatherings, and other customary rituals (Eisma et al.

2020; Goveas and Shear 2020; Diolaiuti et al. 2021; Torrens-Burton et al. 2022),

while travel bans further restricted participation in these events (Johns et al. 2020).

Consequently, bereaved individuals were deprived of essential opportunities for con-

nection and closure, leaving them to grieve without the support of familiar social

and cultural traditions (Goveas and Shear 2020).

According to Johns et al. (2020),

\Death is a time marked by touch { hugging, handshakes and handhold-

ing, all of which can be a soothing balm for the bereaved. However,

6As of 2 March 2025, there have been 7,089,989 reported COVID-19 deaths worldwide. Data
retrieved from https://data.who.int/dashboards/covid19/deaths .
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COVID-19 has robbed and denied grieving individuals this basic human

need." (pp.661{662)

In addition to these direct disruptions, many bereaved individuals also faced indirect

yet substantial stressors associated with the pandemic, such as unemployment and

uncertainty about the future (Goveas and Shear 2020) (see examples of risk factors

for complicated grief related to COVID-19 deaths in Table 2.1). These cumulative

stressors likely intensi�ed existing emotional vulnerabilities and heightened the risk

of developing prolonged and severe grief reactions.

Table 2.1: Examples of CG risk factors related to deaths during the COVID-19 pandemic
(Goveas and Shear 2020, p.1120).

Circumstances of the death

Sudden, unexpected, seemingly preventable and random deaths
People dying alone
Restrictions on visiting policies of the dying family member

Context of the death
Physical distancing policies a�ecting funerals, burial, rituals, and support for the grievers
Unemployment worries
Feelings of unsafety
Financial insecurity

Consequences of the death
Being alone
Fear of contamination
Having others to care for
Financial worries

Overall, the exceptionally di�cult circumstances brought about by COVID-19, both

directly through the nature of deaths and indirectly through compounded socioeco-

nomic stress, likely exacerbated the factors associated with CG, potentially leading

to increased incidence and severity of CG in the post-COVID-19 world.

2.2.2 The Association Between Bereavement and Suicidal

Ideation

Prior empirical research shows that bereaved individuals face a signi�cantly elevated

risk of suicidal ideation compared to non-bereaved populations (Stroebe et al. 2005;

Song et al. 2012, 2015; Santos et al. 2015). Stroebe et al. (2005), for instance,

compared 60 newly bereaved widows and widowers with 60 married individuals and

found that suicidal ideation was higher among the bereaved, particularly widows.

Song et al. (2012) administered a nationwide, multicenter, cross-sectional survey

6The approaches in this table exclude the removal of duplicate posts and user information.
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to bereaved family members of patients with terminal cancer and found that these

individuals experienced more frequent suicidal thoughts than a general population

sample. In a large-scale telephone survey, Song et al. (2015) observed that losing a

family member, friend, or acquaintance to suicide increased the likelihood of recent

suicidal ideation by 4.5 times, 3.7 times, and 2.2 times, respectively, relative to

those without such a loss history. Another study by Santos et al. (2015) using a

Portuguese sample of 93 individuals bereaved by suicide compared with a control

community sample (N = 102) found that those bereaved by suicide had higher levels

of suicidal ideation7.

Among bereaved individuals, those who experience CG are at particularly elevated

risk for suicidal ideation, with some studies suggesting a 5{10 times higher likelihood

compared to bereaved individuals without CG (Prigerson et al. 1999; Mitchell et

al. 2005; Latham and Prigerson 2004). Therefore, this thesis speci�cally focuses on

this subgroup.

In recent research on bereaved adults during the COVID-19 pandemic, Maccallum

et al. (2025) found that participants experiencing CG were more likely to report

suicidal ideation than other bereaved adults. Another study of 1,224 bereaved adults

(Ahn et al. 2023) demonstrated that suicide bereavement heightened the risk of

suicidal ideation and that CG mediated this relationship, suggesting that CG may

increase suicidality in people with suicide bereavement and potentially place them

at greater risk of another completed suicide.

The connection between CG and suicidal ideation has been studied for years. Early

work by Prigerson et al. (1997) demonstrated that the presence of CG symptoms

around six months following spousal loss predicted negative health outcomes, includ-

ing suicidal ideation at both 13- and 25-month follow-ups. Szanto et al. (1997) found

that higher levels of CG precede or co-occur with suicidal ideation, indicating that

identifying CG symptoms may help clinicians detect individuals at increased risk of

suicide. Their study also found that CG independently predicts suicidal ideation,

above and beyond the in
uence of depression severity. Even after statistically con-

trolling for depression, active ideators continued to exhibit signi�cantly higher levels

of CG than passive ideators. Consistent with these �ndings, Prigerson et al. (1999)

found that heightened CG symptoms strongly increased suicidal ideation among

young adults bereaved by the suicide of a friend, reporting a �ve-fold increase in the

likelihood of suicidal ideation even after controlling for depression. Importantly, this

study noted no interactive e�ect between CG and depression, suggesting that their

comorbidity did not further amplify suicide risk beyond the independent e�ects of

7This result was obtained after controlling for education level.
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CG. Latham and Prigerson (2004)'s longitudinal study of 309 retirees further high-

lights the independent signi�cance of CG by revealing that individuals with a CG

diagnosis were eight times more likely to experience suicidal ideation and behaviour,

even when controlling for comorbid conditions such as posttraumatic stress disorder

and depression. Similarly, Mitchell et al. (2005) found that CG heightened suicidal

ideation vulnerability among survivors of suicide loss, supporting CG's role as a

distinct clinical indicator.

In a treatment-oriented study, Szanto et al. (2006) found that 65% of participants

with CG reported thoughts of wanting to die following the death of a loved one, with

38% engaging in self-destructive behaviours, including suicide attempts and indirect

suicidal behaviours. Notably, only the severity of CG's symptoms and a prior history

of suicide attempts signi�cantly predicted post-loss suicidal behaviour, further rein-

forcing CG's predictive validity. Melhem et al. (2007) described the phenomenology

of CG in children and adolescents bereaved by parental loss, reporting signi�cant

correlations between higher CG scores and increased suicidal ideation.

Dell'Osso et al. (2011) demonstrated that more than half (56%) of participants in

their study meeting CG criteria reported suicidal ideation, while nearly one-fourth

(22%) had attempted suicide. Masferrer et al. (2016) found that CG symptoms

were closely linked to suicidal ideation among bereaved substance-dependent pa-

tients. Similarly, Baker et al. (2016) identi�ed a high prevalence of suicidal thoughts,

with 63% of individuals with CG expressing a wish to die after losing a loved one.

Garrison-Desany et al. (2020) reported heightened suicidal ideation among Nepali

widows experiencing CG, further illustrating CG's relevance across diverse popula-

tions.

Despite this compelling body of evidence linking bereavement and CG to suicidal

ideation, a critical limitation exists. Most research to date has been conducted in

traditional o�ine environments, such as clinical settings. The extent to which these

associations manifest in digital contexts, particularly on social media platforms,

remains limited. This thesis has sought to address that gap by examining Reddit

users in particular.

2.2.3 Revealing the Research Gap

Social media platforms have become \integral in how some individuals grieve,"

(Moore et al. 2019), providing spaces for emotional expression, support-seeking,

and connecting with others facing similar losses (Brubaker et al. 2012; Walter 2015;

Willis and Ferrucci 2017; Thimm and Nehls 2017; Brubaker et al. 2019; Moore et al.

2019; Varga and Varga 2021; Azzahra and Jegathesan 2022; Pavlikova et al. 2023;
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Leaune et al. 2024). Given these trends, there is a signi�cant opportunity, and a

clear need, to investigate suicidal ideation speci�cally associated with bereavement

on social media.

To explore the current state of research at this intersection, the research reported

in this thesis conducted a systematic literature search focused speci�cally on suici-

dal ideation among bereaved individuals on social media platforms. Searches were

performed using search strings formulated from keywordssuicidal ideation, social

media, detect, bereavement or grief, along with their synonyms. Boolean operators

(OR, AND) were employed to improve search accuracy. These search strings were

applied across �ve digital libraries (IEEE Xplore8, Science Direct9, ACM10, Sco-

pus11, PubMed12), resulting in the retrieval of 333 articles. Using the systematic

review management tool Rayyan13, 21 duplicate articles were removed, leaving 312

articles for a more detailed screening. Following the inclusion criteria, i.e., studies

analyzing suicidal ideation based on online content generated by bereaved users,

and exclusion criteria (e.g., derivative or secondary works, non-English works, pa-

pers not accessible online, works shorter than four pages, workshop or conference

descriptions, and any studies not based on social media content generated by be-

reaved users or that did not focus on suicidal ideation among bereaved individuals),

yet none of them explicitly analyzed suicidal ideation among bereaved users in an

online environment.

This outcome clearly highlights a gap in current research that this thesis addresses:

Despite empirical evidence linking bereavement to suicidal ideation and indications

that identifying CG symptoms could help detect individuals at heightened suicide

risk, as well as increasing instances of self-disclosure of suicidal thoughts and be-

reavement experiences online, few, if any, studies have explicitly examined suicidal

ideation among online bereaved populations. Addressing this research gap repre-

sents an important opportunity to develop timely and potentially more targeted

interventions for this vulnerable group.

This gap also motivates the primary research question driving this thesis:

How can our understanding of human grief be employed to train Machine

Learning (ML) models to automatically detect suicidal ideation among

bereaved users in the online environment?

8https://www.ieee.org/
9https://www.sciencedirect.com/

10https://dl.acm.org/
11https://www.scopus.com/
12https://pubmed.ncbi.nlm.nih.gov/
13https://rayyan.ai/
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2.3 Summary

This chapter has introduced the key concept of suicidal ideation by discussing both

active and passive forms, and the limitations of typical assessment methods such as

clinical interviews and self-report measures were examined. In light of these limi-

tations, the online environment was proposed as a promising platform for proactive

and timely monitoring and intervention.

Key concepts such as bereavement, mourning, and grief (particularly CG) were also

clearly de�ned and discussed, as instead of examining the general online population,

this project focuses on investigating individuals experiencing bereavement. This is a

subgroup, according to prior empirical studies, that exhibits increased vulnerability

to suicidal ideation.

Finally, this chapter presented a systematic literature search conducted to explore

existing research at the intersection of suicidal ideation, bereavement, and social me-

dia content-based detection. The result reveals a clear research gap that this thesis

addresses: the absence of studies examining suicidal ideation among bereaved indi-

viduals within online environments. Chapter 3 outlines the methodological frame-

work established to address this gap.



Chapter 3

Methodological Framework

How can our understanding of human grief be employed to train Machine

Learning (ML) models to automatically detect suicidal ideation among

bereaved users in the online environment?

To thoughtfully and thoroughly address this question, which involves sensitive hu-

man experiences and complex emotional states, this thesis adopts an interdisci-

plinary methodological framework that integrates perspectives from the humani-

ties and social sciences, digital technology, and the intersection of both (see Figure

3.1):

From a humanities and social sciences perspective, addressing this research question

involves a detailed qualitative thematic analysis of textual content related to suicidal

ideation generated by bereaved users on social media platforms. It provides an in-

depth exploration of the subjective experiences of this particularly vulnerable group.

To support interpretation, established theoretical frameworks concerning grief and

suicide are employed.

From a digital technology perspective, addressing this issue involves examining the

feasibility of applying ML models that integrate NLP techniques with human in-

terpretations of grief. Due to the limited research speci�cally targeting suicidal

ideation among bereaved users, this study conducts a systematic survey summa-

rizing state-of-the-art methods for detecting suicidal ideation within broader online

populations (Xu 2022). This comprehensive survey identi�es e�ective techniques,

methodological strengths, and potential limitations to ensure the reliability of the

proposed methodology.

From an interdisciplinary perspective, addressing this question also requires careful

consideration of ethical issues associated with analyzing sensitive human experiences

and complex emotional states, i.e., suicidal ideation, using digital technologies, i.e.,

ML-driven tools, and ethical challenges related to implementing such technology in

real-world settings. To support the discussion, two additional systematic surveys

21
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Figure 3.1: An interdisciplinary methodological framework that integrates perspectives
from the humanities and social sciences, digital technology, and the intersection of both.
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are conducted. The �rst explores ethical challenges encountered when developing or

deploying such technologies, and the second investigates the disclosure of ethically

informed practices in previous empirical studies.

The methodology used in this thesis is complex and has several stages. To best

illustrate this complexity whilst maintaining clarity of expression, this chapter is

structured as follows:

ˆ Section 3.1 presents the systematic survey (Xu 2022) that informs data col-

lection, annotation, pre-processing, feature extraction, and ML model appli-

cations in the research reported in this thesis.

ˆ Section 3.2 details thedata collection process, including the rationale behind

selecting data sources, strategies employed for data collection, retrieval meth-

ods, and a summary of the collected dataset.

ˆ Section 3.3 describes thedata annotation process, detailing the iterative de-

velopment of annotation guidelines, the training of thehuman annotator, the

rationale behind selecting label-level and dataset-level agreement measures,

and an overview of annotation outcomes.

ˆ Section 3.4 outlines the qualitative thematic analysis approach used to analyze

the data sample from annotated datasets in Section 3.3.

ˆ Section 3.5 elaborates on the data preprocessing strategies, NLP feature ex-

traction techniques, and ML classi�ers employed to explore the feasibility of

applying ML models to detect suicidal ideation among bereaved users.

ˆ Section 3.6 outlines the systematic surveys on challenges and ethical practices.

3.1 Research Design

The �rst stage of the research design process was to carry out a systematic survey

that maps the state-of-the-art technologies and tools available in the �eld. It has

been published (Xu 2022) and forms part of this chapter.

The research question for the survey, i.e.,How to detect suicidal ideation in the

online environment?, was formed, as were the search strategy1, the inclusion2 and

1The search strings were created using the synonyms of the keywordssuicide, detect, online
and the Boolean operators (OR, AND). The search was focused explicitly on thetitle and abstract
of papers. Only studies published between1997 and mid-2020 were considered, as 1997 marks the
launch of Six Degrees, the �rst recognizable social media site (Boyd and Ellison 2007).

2Studies that proposed methods (e.g., techniques, models, tools, etc.) for detecting suicidal
ideation based on users' online content were included in this survey.
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exclusion3 criteria were determined; and, a comprehensive search was performed

using keywords, i.e.,suicide, detect, online and their synonyms across eight digi-

tal libraries (namely ACM4, IEEE Xplore5, SAGE Journals6, Scopus7, Springer8,

Taylor & Francis Online9, Web of Science10, and Wiley Online Library11), following

the guidelines established by Kitchenham and Charters (2007) and drawing on the

methodologies presented by Pereira et al. (2018).

This search retrieved 2,231 articles, of which 365 were identi�ed as duplicates, leav-

ing 1,866 articles for analysis. The next stage of the survey involved screening the

titles and abstracts of these articles based on the exclusion and inclusion criteria. As

a result, 95 articles were selected for further analysis (the remaining 1,771 were ex-

cluded due to insu�cient methodological details or a lack of focus on user-generated

online content). In the second stage, a full-text assessment led to the exclusion of 55

articles. Additionally, eight articles were identi�ed and included based on references

of the already included articles. After the �nal eligibility evaluation, 48 articles were

included in the survey to address the following �ve critical questions:

ˆ Which online resources have been identi�ed for data collection?

ˆ What data search strategies have been employed?

ˆ Which pre-processing techniques have been used?

ˆ What features have been extracted for building detection models?

ˆ What techniques are available for constructing these models?

3The exclusion criteria in the survey are as follows: (1) Derivative research papers; (2) Non-
English research papers; (3) Short research papers (fewer than four pages); (4) Editorial articles
and commentaries; (5) Descriptions of workshops and conferences; (6) Research papers lacking
online access; (7) Research papers that did not rely on data sourced from online platforms; (8)
Research papers relying solely on self-report questionnaires (e.g., Suicide Probability Scale, Adult
Suicidal Ideation Questionnaire, Beck Scale for Suicide Ideation, Suicidal Ideation Questionnaire,
etc.); (9) Research papers that did not implement a method for detecting suicidal ideation; (10)
Research papers that focus on examining the association between online behaviour and suicidal
ideation (e.g., cyberbullying and Internet addiction); or (11) Research papers that did not explain
the source of their data.

4https://dl.acm.org/
5https://www.ieee.org/
6https://journals.sagepub.com/
7https://www.scopus.com/
8https://www.springer.com/
9https://www.tandfonline.com/

10https://webofknowledge.com/
11https://onlinelibrary.wiley.com/
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3.2 Data Collection

The wealth of accessible information from user-generated content on social media

captures a wide range of human experiences and emotional states, making it an

invaluable resource for researchers who may otherwise spend months or even years

gathering data from a limited number of individuals (Kern et al. 2016). However,

using this vast amount of content comes with the challenge of �nding data that

matches speci�c research objectives, such as posts containingboth suicidal thoughts

and expressions that re
ect grief reactions that this thesis analyzes. Navigating

through the large volume of content across multiple platforms to �nd targeted posts

is both labour-intensive and time-consuming. To make the most of social media

as a research tool, and to harness this rich source of information (particularly for

understanding the complex interplay between grief and suicidal ideation), it is im-

portant to develop data collection methods that are both e�cient and reliable. This

includes carefully selecting online platforms that o�er high-quality, relevant content

and devising e�ective strategies for identifying and gathering targeted data.

3.2.1 Data Sources

Half of the studies (54%) in the survey utilized data collected from X (formerly

Twitter) 12, 21% from Sina Weibo13, 19% from Reddit14, and 25% of the studies

employed data from other online platforms and websites, such as MySpace15. None

of the studies in this survey used data crawled from Facebook. This is likely because

most Facebook pro�les are not public16 (Stringhini et al. 2010; Stieglitz and Dang-

Xuan 2013; Kailasam and Samuels 2015), limiting data collection to only publicly

accessible pro�les, groups, or pages where individuals might be less likely to share

their suicidal thoughts. Additionally, Facebook requires users to provide an email

address or phone number when creating an account17 and asks that the name on

their account match the name they are commonly known by in everyday life18.

These policies may discourage users from expressing themselves on sensitive topics

like suicidality due to fear of social stigma.

The most popular platform for research purposes identi�ed in this survey, X, is

used by hundreds of millions of people. According to its owner, Elon Musk, the
12https://x.com
13https://weibo.com
14https://www.reddit.com
15https://myspace.com
16User pro�les on Facebook are generally accessible only after \becoming friends," which involves

one user sending a friend request and the other accepting it (Stringhini et al. 2010).
17https://www.facebook.com/privacy/policy
18https://www.facebook.com/help/1090831264320592
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platform had 600 million monthly active users worldwide as of May 202419. This

free platform, in contrast to Facebook, is characterized by its predominantly public

accounts (O'Dea et al. 2015; Luo et al. 2019). Moreover, it is available in nearly all

countries20 (O'Dea et al. 2015) and allows users to post in real-time (Varathan and

Talib 2014; O'Dea et al. 2015), which fosters instant interaction and accelerates the

spread of information (Varathan and Talib 2014). This openness, combined with its

wide coverage and speed, presents valuable opportunities to use data collected from

X to proactively identify people at risk of danger.

However, it is important to recognise the challenges posed by X's 280-character

limit 21. This limitation could hinder the accurate detection of suicidal risk in be-

reaved individuals, as it forces users to share in brief (Varathan and Talib 2014;

Burnap et al. 2017), potentially leaving out important details and nuances and

making it more di�cult to fully understand the context of an at-risk individual's

struggles. As a result, crucial indicators of identi�cation might be overlooked or

misinterpreted.

Studies in this survey also opted to collect data from Sina Weibo - the leading open

social media platform in China (Zhang et al. 2014; Huang et al. 2015; Lv et al.

2015; Guan et al. 2015; Cheng et al. 2017; Huang et al. 2019; Liu et al. 2019).

Like X, Sina Weibo is an excellent source for online content mining, primarily due

to its large user base. With nearly 260 million daily active users22, the platform

generates a wealth of behavioural and linguistic data for analysis (Zhang et al.

2014; Huang et al. 2015; Lv et al. 2015; Guan et al. 2015; Cheng et al. 2017;

Wang et al. 2018). Moreover, the majority of posts on Sina Weibo are publicly

visible and can be collected and analyzed in real-time (Lv et al. 2015; Wang et

al. 2018; Liu et al. 2019). Researchers have discovered a non-negligible overlap

between Sina Weibo users and groups/demographics at higher risk of suicide (Lv

et al. 2015; Guan et al. 2015; Liu et al. 2019). As of September 2022, over 55% of

its users were under the age of 3023, a demographic that includes those particularly

19https://x.com/elonmusk/status/1793779530282443086
20X is currently banned in China, North Korea, Russia, Turkmenistan, Myanmar, Venezuela,

Iran, and Brazil.
21Twitter started with a 140 character limit (Details at https://docs.x.com/fundamental

s/counting-characters ). In 2017, the limit doubled to 280 characters (Details at https:
//www.abc.net.au/news/2017-09-27/twitter-280-character-limit/8992230 ). In 2023,
X increased the limit to 25,000 characters for paid subscribers to X Premium (formerly Twitter
Blue) (Details at https://help.x.com/en/using-x/x-premium and https://techcrunch.com
/2023/06/27/twitter-now-allows-subscribers-to-post-25000-character-long-tweets/ ).

22https://www.statista.com/statistics/1058070/china-sina-weibo-dau/
23https://www.statista.com/statistics/1361377/china-weibo-user-age-distributio

n/
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vulnerable to suicide (15{29 years)24. Given these attributes, Sina Weibo could

serve as an e�ective resource for targeting the speci�c research objectives of this

thesis. However, since the research reported in this thesis focuses only on analyzing

English-language content, the analysis of data collected from Sina Weibo, which is

predominantly in Chinese, will be left as important future work.

Data collected from Reddit is widely used for research focused on detecting suicidal

ideation (Alada�g et al. 2018; Ji et al. 2018; Shing et al. 2018; Ji et al. 2019; Jones

et al. 2019; Gaur et al. 2019; Tadesse et al. 2020). Reddit is a social media platform

based on people's interests. With over 91 million daily active users25, many of whom

are aged 26 and younger - a demographic experiencing a dramatic rise in suicide rates

(Jones et al. 2019), this vast user community could o�er rich data for researchers in

the �eld.

Moreover, like X and Sina Weibo, Reddit data is publicly available (Jones et al.

2019) and allows for anonymous or pseudonymous participation - only usernames,

which typically do not reveal real identities, and any explicitly shared details are

available (Shing et al. 2018; Jones et al. 2019; Gaur et al. 2019). This accessibility

and anonymity enable researchers to gather large datasets of user-generated content

on socially stigmatized topics (Tadesse et al. 2020), such as suicidality, while making

e�orts to protect user privacy. In addition, unlike X, Reddit does not impose a

280-character limit on posts. This is particularly important as previous studies

suggest that individuals experiencing serious suicidal ideation may require more

space to express their thoughts (O'Dea et al. 2017; Cheng et al. 2017; Alada�g et al.

2018). Longer posts are naturally more likely to be accurately identi�ed because

they provide more details (Alada�g et al. 2018), potentially o�ering researchers a

richer context of their situation for analyzing possible warning signs.

Furthermore, Reddit hosts numerous subreddits26 where users openly discuss sensi-

tive topics, including their mental health (Gaur et al. 2019). One such community

is r/SuicideWatch27, where thousands of individuals share their experiences with

suicidal thoughts and seek support (Shing et al. 2018; Alada�g et al. 2018). This

subreddit has been widely utilized in previous research28, as the majority of its

24https://www.who.int/news-room/fact-sheets/detail/suicide
25https://www.redditinc.com/
26Subreddits are communities focused on facilitating discussions about common topics of interest,

open to anyone with similar interests to post and comment on content (Cauteruccio et al. 2022;
Muljana et al. 2022).

27https://www.reddit.com/r/SuicideWatch/
28As shown by, for example, Alada�g et al. 2018; Ji et al. 2018; Shing et al. 2018; Gaur et al.

2019; Ji et al. 2019; Zirikly et al. 2019; Yao et al. 2020; Mittal et al. 2021; Li et al. 2021; Haque
et al. 2021; Nikhileswar et al. 2021; Garc��a-Galindo et al. 2022; Liu et al. 2022; Chadha et al.
2022; Chadha and Kaushik 2022; Ji et al. 2022; Kodati and Tene 2023; Lee et al. 2023; Bashir et
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posts contain indicators of suicidal ideation (Alada�g et al. 2018). Additionally, the

strict policies of this subreddit against trolling and discouragement of activism29 help

reinforce its credibility as a reliable source of genuine suicide-related posts (Glaser

et al. 2020). In addition to mental health-focused subreddits, Reddit also hosts com-

munities dedicated to individuals navigating bereavement, such as r/bereavement30

and r/GriefSupport31, where users share their experiences of losing loved ones.

Given these attributes, Reddit represents a promising platform for identifying be-

reaved individuals who may also be experiencing suicidal ideation, making it well-

suited for the research carried out for the purpose of this thesis.

3.2.2 Collecting Strategies

From the survey, three main data collection strategies emerge as those most em-

ployed in previous studies within the �eld: i) using existing datasets, ii) collecting

data from speci�c individuals, and iii) aggregating publicly available data.

The �rst strategy utilizes existing suicide-related datasets32. This strategy is ad-

vantageous as it could minimize the potential harm involved in directly contacting

vulnerable individuals. Additionally, the availability of some pre-annotated datasets,

such as the dataset used in (Jones et al. 2019) and (Tadesse et al. 2020), can re-

duce the e�ort required by researchers for extensive data labelling, as these datasets

already contain relevant information. However, while these datasets o�er a conve-

nient starting point, they may have limitations due to the context in which they were

originally collected, potentially reducing their relevance to new research questions.

Furthermore, the annotations may not fully align with the speci�c objectives of new

studies and could introduce biases from previous annotators into the analysis.

The second involves collecting social media data directly from pre-identi�ed suicidal

individuals. This often involves recruiting participants and asking them to complete

questionnaires, such as the Suicide Probability Scale (SPS), which assesses suicidal

intentions and the likelihood of a person ending his/her life (Zhang et al. 2014; Lv

et al. 2015; Guan et al. 2015; Braithwaite et al. 2016; Cheng et al. 2017). Despite

the advantage of this approach in reducing the inclusion of expressions from inau-

thentic or disingenuous suicidal users in the analysis, its use in the selected studies

al. 2024; Gorai and Shaw 2024.
29Fundraising, awareness raising, petitions, calls for participation, or any post focused on causes

or issues, rather than personal support, are not allowed in the r/SuicideWatch.
30https://www.reddit.com/r/bereavement/
31https://www.reddit.com/r/GriefSupport/
32As shown by O'Dea et al. 2017; Chiroma et al. 2018; Desmet and Hoste 2018; Coppersmith

et al. 2018; Parraga-Alava et al. 2019; Jones et al. 2019; Tadesse et al. 2020; Mathur et al. 2020.
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within this survey has seen a decline since 2018. One possible reason is that this

approach still requires researchers to interact directly with at-risk individuals, which

can expose them to psychological distress, similar to the concerns associated with

traditional methods. This strategy also includes crawling data directly from ver-

i�ed suicidal users in publicly reported suicide cases33. While this method avoids

direct contact with individuals, the amount of publicly available and veri�ed data

that match speci�c research objectives could be relatively small, as not all suicide

cases are reported, and even when they are, it may be challenging to locate the so-

cial media accounts of the individuals involved. Additionally, in some cases, others

might pose as suicidal users, leading to the inclusion of misleading or inaccurate

data.

The third strategy, which is the most commonly used in research within the �eld,

involves pooling and aggregating publicly available online content directly from plat-

forms by creating a lexicon to collect data or using speci�c search terms34. It also

includes scraping data from platform-speci�c communities or accounts dedicated to

discussions of suicidal ideation35. This strategy could be particularly e�ective for

studies with speci�c research objectives. By carefully selecting search terms and/or

communities where discussions related to the research objectives are more likely to

take place, researchers are able to target the data that is most relevant to their

study.

3.2.3 Data Retrieval

This thesis reports on a process carried out using the R package RedditExtractoR36

to collect data from Reddit, focusing primarily on subreddits related to suicide and

bereavement (See Table 3.2). To identify suicidal expressions within bereavement-

related subreddits, the project will apply suicide-related search terms (See Table

3.1) established in previous research37. In addition, the term complicated grief (CG)

33As shown by Huang et al. 2014; Abboute et al. 2014; Lv et al. 2015; Huang et al. 2015;
Burnap et al. 2015; Burnap et al. 2017; Litvinova et al. 2017; Mbarek et al. 2019; Roy et al.
2020.

34As shown by Huang et al. 2007; Abboute et al. 2014; Desmet and Hoste 2014; Burnap et al.
2015; O'Dea et al. 2015; Liu et al. 2017; Burnap et al. 2017; Moulahi et al. 2017; Vioul�es et al.
2018; Sawhney et al. 2018; Sawhney et al. 2018; Mishra et al. 2019; Sinha et al. 2019; Ji et al.
2018; Shah et al. 2019; Fodeh et al. 2019; Luo et al. 2019; Rajesh Kumar et al. 2020; Roy et al.
2020.

35As shown by Gao et al. 2017; Sawhney et al. 2018; Ji et al. 2018; Alada�g et al. 2018; Shing
et al. 2018; Huang et al. 2019; Liu et al. 2019; Gaur et al. 2019; Sinha et al. 2019; Mishra et al.
2019; Ji et al. 2019.

36https://CRAN.R-project.org/package=RedditExtractoR
37Namely, Desmet and Hoste 2014; O'Dea et al. 2015, 2017; Burnap et al. 2015, 2017; Ji et al.

2018; Sawhney et al. 2018; Sinha et al. 2019; Mishra et al. 2019; Luo et al. 2019; Rajesh Kumar
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and its synonyms, including persistent complex bereavement disorder, pathological

grief, traumatic grief, and prolonged grief (De Stefano et al. 2021), as well as key

terms derived from the de�nition of CG (Shear 2015), i.e., lost, longing and preoc-

cupation, are utilized to extract data from both suicide- and bereavement-related

subreddits.

Table 3.1: Search Terms for Capturing Suicidal Expressions in Grief-Related Subreddits
Search Terms

die depressed suicidal suicide suic
alternate life be dead beautiful suicide commit suicide die now
die alone hate life hit life hang myself hung myself
kill myself kills myself killed myself last day think suicide
to die think suicide sleep forever self-harm self-injury
self harm self injury suicide ideation suicide times suicide plan
suicide pact suicide times want death wants death wanted death
wanna die wanna suicide better o� dead can't go on cut my wrist
end my life end it all feel pain point kill me now my suicide note
isn't worth living my suicide letter never wake up not worth living ready to die
ready to jump slit my wrist slash my wrist time to go tired of living
thoughts of suicide take my life takes my life to be dead want to die
wanted to die wants to die want to disappear wanting to die asleep and never wake
better o� without me don't want to be here do not want to be here don't want to try anymore I wish I were dead
go to sleep forever my life is pointless nothing to live for to live any more take my own life
to take my own life want it to be over want to be dead why should I continue living

Data collected from several control subreddits, also listed in Table 3.2, is included

in this thesis. These control subreddits were selected following the methodologies

of Shen and Rudzicz (2017) and Yao et al. (2020), whose studies demonstrated

the e�ectiveness of using diverse subreddits as control groups for detecting men-

tal health issues. The chosen subreddits provide a broad representation of general

Reddit activity, encompassing topics such as health (e.g., r/askdocs, r/�tness), pro-

fessional advice (e.g., r/careerguidance, r/personal�nance), general knowledge (e.g.,

r/askscience, r/youshouldknow), and recreational or uplifting content (e.g., r/jokes,

r/wholesometextposts). By including subreddits covering diverse themes, the con-

trol group minimizes the in
uence of topic-speci�c language and the frequent use

of �rst-person pronouns, which are often associated with expressions of negative

emotions (Pennebaker 2011; Shen and Rudzicz 2017; Yao et al. 2020).

The rationale for selecting these subreddits as controls in this thesis is two-fold.

First, these subreddits are presumed to re
ect discussions by individuals who are

not experiencing severe mental health disturbances (Yao et al. 2020), thereby pro-

viding a baseline for typical language use and emotional expression. This allows for

more accurate di�erentiation between language indicative of mental health struggles

and language associated with everyday conversations. Additionally, the inclusion of

subreddits like r/careerguidance and r/personal�nance is intended to account for

et al. 2020.
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external stressors, such as �nancial challenges, which may be relevant to individ-

uals experiencing suicidal ideation (ibid.). Furthermore, r/o�mychest is included

to capture emotionally intense expressions that, while not necessarily re
ective of

suicidality, are important for distinguishing general emotional distress from speci�c

suicidal ideation (ibid.).

Second, the inclusion of control subreddits addresses the risk of false positives, which

could arise from misinterpreting non-suicidal expressions within general discussions

as indicators of suicidality. For example, phrases such asI want to kill myself, lol.

:( 38 or I want to f**king kill myself lol xD39 could represent either suicidal ideation

or sarcasm. Without the context provided by control subreddits, it is challenging for

both humans and machines to accurately interpret the intent behind such expressions

(O'Dea et al. 2015).

In addition to subreddits drawn from Shen and Rudzicz (2017) and Yao et al. (2020),

this study incorporates subreddits like r/movies and r/Music to address the presence

of suicidal expressions that reference quotes from books, movie dialogues, or song

lyrics such as\Better o� Dead Sleeping With Sirens; I'm as mad, and I'm not

going to take this anymore!"40 Previous research, such as Sinha et al. (2019), has

noted challenges in accurately classifying such references as suicidal or non-suicidal

content. By including these subreddits in the control group, this thesis enhances its

ability to di�erentiate between typical online discussions and genuine indicators of

suicidality, thereby improving the reliability and precision of its �ndings.

38Example in Sawhney et al. (2018).
39Example in Mishra et al. (2019).
40 ibid.
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Table 3.2 : Reddit Subreddits for Crawling Data

Suicide-related Subreddit 41

r/SuicideWatch42, r/depression43,

Grief-related Subreddits

r/GriefSupport 44, r/grief 45, r/COVIDgrief 46, r/widowers47, r/abortion 48,
r/bereavement49, r/SuicideBereavement50, r/heartbreak51

Control Subreddits

r/AskDocs52, r/askscience53, r/atheism54, r/books55, r/careerguidance56,
r/Christianity 57, r/Fitness58, r/Frugal 59, r/legaladvice60, r/LifeProTips 61,
r/movies62, r/Music 63, r/NoStupidQuestions64, r/o�mychest 65, r/Parenting 66,
r/productivity 67, r/personal�nance68, r/randomkindess69, r/relationships70,
r/Showerthoughts71, r/talesfromcallcenters72, r/talesfromtechsupport73,
r/TalesFromRetail74, r/teaching75, r/TheoryOfReddit 76, r/Jokes77,
r/wholesometextposts78, r/YouShouldKnow79, r/writing 80, r/WritingPrompts 81

41r/SuicideWatch and r/depression are frequently utilized as data sources by prior empirical
studies in the �eld for collecting suicidal posts (e.g., Alada�g et al. 2018; Nikhileswar et al. 2021;
Garc��a-Galindo et al. 2022; Verma and Pandey 2023; Gorai and Shaw 2024).

42https://www.reddit.com/r/SuicideWatch/
43https://www.reddit.com/r/depression/
44https://www.reddit.com/r/GriefSupport/
45https://www.reddit.com/r/grief/
46https://www.reddit.com/r/COVIDgrief/
47https://www.reddit.com/r/widowers/
48https://www.reddit.com/r/abortion/
49https://www.reddit.com/r/bereavement/
50https://www.reddit.com/r/SuicideBereavement/
51https://www.reddit.com/r/heartbreak/
52https://www.reddit.com/r/AskDocs/
53https://www.reddit.com/r/askscience/
54https://www.reddit.com/r/atheism/
55https://www.reddit.com/r/books/
56https://www.reddit.com/r/careerguidance/
57https://www.reddit.com/r/Christianity/
58https://www.reddit.com/r/Fitness/
59https://www.reddit.com/r/Frugal/
60https://www.reddit.com/r/legaladvice/
61https://www.reddit.com/r/LifeProTips/
62https://www.reddit.com/r/movies/
63https://www.reddit.com/r/Music/
64https://www.reddit.com/r/NoStupidQuestions/
65https://www.reddit.com/r/offmychest/
66https://www.reddit.com/r/Parenting/
67https://www.reddit.com/r/productivity/
68https://www.reddit.com/r/personalfinance/
69https://www.reddit.com/r/randomkindess/
70https://www.reddit.com/r/relationships/
71https://www.reddit.com/r/Showerthoughts/
72https://www.reddit.com/r/talesfromcallcenters/
73https://www.reddit.com/r/talesfromtechsupport/



3.3. Data Annotation 33

3.2.4 Data Summary

Two rounds of data collection were conducted in this thesis. In the �rst round,

the RedditExtractoR version 2.1.582 (released on 2019-01-06) was used to gather

358,112 pieces of Reddit data (including posts and comments). After performing

data cleansing and annotation on a small random sample, a second round of data

collection was undertaken to expand the dataset. In this second round, RedditEx-

tractoR version 3.0.9 (released on 2023-03-17)83 was employed to crawl data from

the same subforums as in the �rst round. High-frequency phrases, includingbe with,

passed away, feel alone, and years ago, which were identi�ed from the 96 annotated

Reddit posts collected during the �rst round, were added to the list of search terms

for data extraction. A total of 135,737 Reddit posts were collected in this round.

The details of the data collected are summarized in Tables 3.3 and 3.4.

Table 3.3 : Summary of Reddit Data Collected from Subreddits in 2021
Subreddit Total Data Collected Post Count Comment Count Date Range

SuicideWatch 25,235 452 23,138 3/11/2009 - 6/10/2021

Depression 218 10 206 23/2/2016 - 22/11/2020

GriefSupport 63,600 3,305 61,508 25/7/2013 - 19/3/2021

Berevement 111 8 111 23/5/2019 - 18/4/2021

Grief 1,508 116 1,490 10/7/2020 - 29/3/2021

Abortion 52,897 2,766 48,542 10/8/2012 - 24/4/2021

COVIDGrief 2,508 152 2,469 23/12/2020 - 9/3/2021

Widower 130,741 5,708 126,588 26/2/2014 - 18/4/2021

Heartbreak 61 4 57 12/9/2019 - 23/6/2020

SuicideBereavement 81,233 4,396 76,894 11/7/2013 - 18/4/2021

3.3 Data Annotation

Following the collection of data and the validation of the collection methodology, the

next critical step in this thesis is manual annotations. This step not only ensures the

collected data matches the research objectives, but the annotated results also serve

asgold standardsfor training and evaluating the ML approaches (Harris et al. 2020)

74https://www.reddit.com/r/TalesFromRetail/
75https://www.reddit.com/r/teaching/
76https://www.reddit.com/r/TheoryOfReddit/
77https://www.reddit.com/r/Jokes/
78https://www.reddit.com/r/wholesometextposts/
79https://www.reddit.com/r/YouShouldKnow/
80https://www.reddit.com/r/writing/
81https://www.reddit.com/r/WritingPrompts/
82https://www.rdocumentation.org/packages/RedditExtractoR/versions/2.1.5
83https://www.rdocumentation.org/packages/RedditExtractoR/versions/3.0.9
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Table 3.4 : Summary of Reddit Data Collected from Subreddits in 2023

Subreddit Post Collected Comment Count Date Range

SuicideWatch 8,894 40,196 6/7/2009 - 23/6/2023

Depression 25,799 184,776 18/11/2009 - 30/6/2023

GriefSupport 16,392 209,336 30/3/2013 - 19/6/2023

Berevement 7,790 28,947 26/12/2015 - 10/6/2023

Grief 13,182 63,571 7/5/2012 - 19/6/2023

Abortion 14,138 160,104 22/1/2013 - 19/6/2023

COVIDGrief 3,193 28,620 16/12/2020 - 8/4/2022

Widower 15,417 295,156 26/2/2014 - 19/6/2023

Heartbreak 15,119 108,033 20/7/2015 - 19/6/2023

SuicideBereavement 15,813 162,607 11/7/2013 - 19/6/2023

used for detecting suicidal ideation among bereaved users in the research reported

in this thesis. According to the survey by Xu (2022), the studies on suicidal ideation

detection using ML approaches often rely on annotated data. Sawhney et al. (2018)

showed that the manual annotation strategy could improve the accuracy of datasets

obtained using the search terms method. Despite the fact that some detection

models using unsupervised ML techniques do not necessarily need annotated data,

(semi-) supervised learning models can perform better if reliable and high-quality

annotated data is available (Shing et al. 2018; Neves and�Seva 2021).

A manual annotation process involves the development of a well-de�ned guideline as

well as the training of annotators to ensure that they can understand and reliably

apply the guideline to label collected data, providing the benchmark for training

ML models to learn and replicate results (Harris et al. 2020).

Many studies in this area84 applied binary labels (e.g.,Suicidal/Suicide/Risk or

Non-suicidal/Non-suicide/No Risk) to classify their collected data. In some of these

studies, the criteria for assigning a post to the label \suicidal" are based only on

the source of the posts. For example, Nikhileswar et al. (2021) directly label all

posts collected from the r/SuicideWatch subreddit as \suicide"85. This oversimpli-

�ed approach can lead to incorrect annotations. For example, annotating posts as

\suicidal" even when they are not truly about suicidal ideation, such as those that

misuse or trivialize suicidal-related expressions or those that feature surveys and

84Namely, Abboute et al. 2014; Huang et al. 2015; Alada�g et al. 2018; Ji et al. 2018; Sawhney
et al. 2018; Sawhney et al. 2018; Huang et al. 2019; Mishra et al. 2019; Sinha et al. 2019;
Parraga-Alava et al. 2019; Shah et al. 2019; Fodeh et al. 2019; Gupta et al. 2019; Li et al. 2021;
Haque et al. 2021; Mittal et al. 2021; Garc��a-Galindo et al. 2022; Gorai and Shaw 2024.

85https://www.kaggle.com/datasets/nikhileswarkomati/suicide-watch/data
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Table 3.5 : The First Version of Annotation Guideline
Label Description Explanation

0 Suicidal Ideation Post contains expressions of suicidality.
1 Bereaved User Post contains explicit references to the death of a loved one.
2 Complicated Grief Post contains expressions that reveal the main symptoms of complicated

grief, i.e., intense emotional pain and grief symptoms that last more than
six months.

-1 Others Post didn't contain expressions of suicidality nor complicated grief, such
as support information, frivolous remarks about suicide, lyrics, or movie
lines.

research participation requests for suicidal users, lacking the caution and accuracy

required for reliable and valid annotation.

To address these challenges, the annotation guideline in this thesis was re�ned

through �ve iterations, with each version aimed at progressively improving the iden-

ti�cation of nuanced expressions of suicidal ideation and CG.

The following sections will provide a detailed overview of these versions and outline

the key revisions made during each iteration to enhance both the accuracy and

sensitivity of the guidelines used in the analysis.

3.3.1 Annotation Guidelines

This thesis initially developed four labels (Table 3.5) for the annotation guideline.

However, it was found that the descriptions of suicidal ideation and CG in this

preliminary version were too ambiguous and did not include reliable references or

well-established de�nitions, making it challenging for annotators to label posts ac-

curately and maintain consistency.

The second version of the guideline (Table 3.6) was then established to address these

issues. In this version, the criteria for annotating suicidal ideation were clari�ed,

based on de�nitions from the existing literature86. Guidelines for annotating CG

reactions were also derived from the description of Prolonged Grief Disorder (PGD)

in International Classi�cation of Diseases, 11th Revision (ICD-11) (Releases 2021-

05)87,88. According to Mauro et al. (2019), the criteria for PGD described by ICD-11

are the same as those commonly referenced in academic literature and the media as

CG.
86Namely, Rudd 1989; O'Carroll et al. 1996; Schulberg et al. 2005; Raue et al. 2007; May et al.

2015; Barry et al. 2016; Klonsky et al. 2016; Ji et al. 2018; Sawhney et al. 2018; Lai et al. 2018;
Williams et al. 2018; Donath et al. 2019; Booniam et al. 2020.

87https://icd.who.int/browse/2021-05/mms/en#1183832314
88The description of prolonged grief disorder in the ICD-11 across 2019-04, 2020-09, and 2021-05

releases remains the same. The only di�erence is that in the 2019-04 release, the word \charac-
terised" is spelled as \characterized."
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Table 3.6 : The Second Version of Annotation Guideline
0 { Suicidal Ideation

Thinking about, considering, or planning suicide
Any self-reported thoughts of engaging in suicide-related behaviour
Fleeting suicidal thoughts
Extensive suicidal thoughts
Detailed suicidal planning
Incomplete suicide attempts
Passive thoughts of death and feeling that one would be better o� dead

1 { Bereaved User

Explicit references to the death of a loved one.

2 { Complicated Grief

Prolonged grief disorder is a disturbance in which, following the death of a partner, parent, child,
or other person close to the bereaved, there is persistent and pervasive grief response characterised
by longing for the deceased or persistent preoccupation with the deceased accompanied by intense
emotional pain (e.g. sadness, guilt, anger, denial, blame, di�culty accepting the death, feeling one
has lost a part of one's self, an inability to experience positive mood, emotional numbness, di�culty
in engaging with social or other activities). The grief response has persisted for an atypically long
period of time following the loss (more than 6 months at a minimum) and clearly exceeds expected
social, cultural or religious norms for the individual's culture and context. Grief reactions that have
persisted for longer periods that are within a normative period of grieving given the person's cultural
and religious context are viewed as normal bereavement responses and are not assigned a diagnosis.
The disturbance causes signi�cant impairment in personal, family, social, educational, occupational
or other important areas of functioning.

-1 { Others (i.e., none of the above)

PGD is o�cially recognized as a distinct disorder in both the ICD-1189 and Di-

agnostic and Statistical Manual of Mental Disorders, Fifth Edition, Text Revision

(DSM-5-TR)90. Although the descriptions of PGD in these two classi�cation sys-

tems are generally similar, several di�erences exist (See Table 3.7). Speci�cally,

DSM-5-TR diagnostic criteria require a minimum of three out of eight accessory

symptoms to a clinically signi�cant degree, including intense loneliness as a result

of the death as one of the symptoms, and the duration of the grief lasting at least

12 months. In contrast, ICD-11 diagnosis only requires the presence of any ten ac-

cessory symptoms to a functionally impairing degree for an atypically long period

of time (a minimum of six months) after the loss. This adaptability and 
exibility

of ICD-11 may enable more sensitive case identi�cation (Killikelly and Maercker

2017), allowing individuals who openly exhibit fewer symptoms to still meet the

diagnostic criteria. It may also be better suited to online environments, where in-

dividuals may selectively report certain symptoms. By ensuring that cases are not

overlooked due to rigid diagnostic criteria, the ICD-11 description could be more

inclusive and practical for identifying individuals in online contexts. Moreover, this

six-month bereavement timeframe in the ICD-11 is supported by empirical studies,

89https://icd.who.int/en
90https://www.psychiatry.org/psychiatrists/practice/dsm
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which show that individuals exhibiting severe grief reactions persisting beyond six

months following the loss are likely to continue experiencing persistent grief reactions

(Prigerson et al. 1999; Prigerson et al. 2009; Reed et al. 2022).

Table 3.7 : Summary of PGD De�nitions in ICD-11 and DSM-5-TR
ICD-11 91 (Eisma 2023, p.945) DSM-5-TR (Prigerson et al. 2021, p.97) and (Eisma 2023, p.945)

Following the death of a partner, parent, child or other The death, at least 12 months ago, of a person who
person close to the bereaved. was close to the bereaved (for children and adolescents,

at least 6 months ago).

Persistent and pervasive grief response characterized by: Since the death, the development of a persistent grief response
1. Longing for the deceased by one or both of the following symptoms, which have been
2. Persistent preoccupation with the deceased present most days to a clinically signi�cant degree. In addition,

the symptom(s) have occurred nearly every day for at least the
last month:
1. Intense yearning/longing for the deceased person
2. Preoccupation with thoughts or memories of the
deceased person (in children and adolescents, preoccupation
may focus on the circumstances of the death)

Accompanied by intense emotional pain, e.g. sadness, Since the death, at least three of the following symptoms have
guilt, anger, denial, blame, di�culty accepting the death, been present most days to a clinically signi�cant degree. In
feeling one has lost a part of one's self, an inability to addition, the symptoms have occurred nearly every day for at
experience positive mood, emotional numbness, di�culty least the last month:
in engaging with social or other activities). 1. Identity disruption (e.g. feeling that a part of oneself has died)

since the death
2. Marked sense of disbelief about the death
3. Avoidance of reminders that the person is dead (in children and
adolescents, may be characterized by e�orts to avoid reminders)
4. Intense emotional pain (e.g. anger, bitterness, sorrow) related
to the death
5. Di�culty reintegrating into one's relationships and activities
after the death (e.g. problems engaging with friends, pursuing
interests or planning for the future)
6. Emotional numbness (absence or marked reduction of emotional
experience) as a result of the death
7. Feeling that life is meaningless as a result of the death
8. Intense loneliness as a result of the death

The disturbance causes signi�cant impairment in personal, The disturbance causes clinically signi�cant distress or impairment
family, social, educational, occupational or other important in social, occupational or other important areas of functioning.
areas of functioning. If functioning is maintained, it is only
through signi�cant additional e�ort.

The grief response has persisted for an atypically The duration and severity of the bereavement reaction clearly exceeds
long period of time following the loss (more than 6 expected social, cultural, or religious norms for the individual's culture
months at a minimum) and clearly exceeds expected social, and context.
cultural or religious norms for the individual's culture and
context. Grief reactions that have persisted for longer periods
that are within a normative period of grieving given the person's
cultural and religious context are viewed as normal bereavement
responses and are not assigned a diagnosis.

The symptoms are not better explained by major depressive disorder,
posttraumatic stress disorder, or another mental disorder, or attributable
to the physiological e�ects of a substance (e.g., medication, alcohol) or
another medical condition.

Given these advantages, the research reported in this thesis adopted the ICD-11

PGD diagnostic criteria to develop annotation guidelines. Several other factors also

contributed to this decision. First and foremost, ICD-11 is freely accessible, whereas

DSM-5-TR requires a paid license. Additionally, ICD-11 is produced by the World

Health Organization (WHO), and it is the globally recognized standard for reporting

disorders and legally mandated health data. Furthermore, its conceptual framework

is independent of language and culture, enhancing its applicability across diverse

populations and settings. Overall, this combination of accessibility, global recog-

91https://icd.who.int/browse/2021-05/mms/en#1183832314
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nition, and adaptability makes ICD-11 PGD diagnostic criteria a highly suitable

guideline for annotating CG reactions in the research reported in this thesis.

As shown in Table 3.6, this version maintained the use of the four-label strategy:

0 for Suicidal Ideation, 1 for Bereaved Users, 2 for CG reactions, and -1 for other

cases. While the descriptions for 0 and 2 have been re�ned for clarity, the continued

reliance on a single overarching label of CG reactions raises concerns about simplic-

ity. The description of PGD in the ICD-11 contains multiple criteria, each re
ecting

di�erent aspects of the disorder (See Table 3.7). Grouping all these criteria under a

single label (i.e., 2) could limit the ability to capture diverse manifestations of cer-

tain reactions across posts, as certain reactions or clusters of reactions may present

di�erently depending on the context.

Separating each criterion into distinct labels could help address this issue and re
ect

the complexity of real-world human grief experiences, where individuals often exhibit

a range of responses at once rather than a single reaction.

Therefore, the third version of the guidelines was expanded into a nine-label anno-

tation framework, providing more detailed explanations (Table 3.8). In this version,

the guidelines for categorizing expressions of suicidal ideation were further re�ned,

incorporating assessment criteria from established research92. The criteria for identi-

fying CG reactions were outlined separately based on how they have been presented

in the previous research articles (Table 3.9).

Following the establishment of the guidelines, an annotator was then included in

the annotation tasks, and a set of randomly selected data was used to train this

annotator and assess the practicality of applying the guidelines to the data collected

in this thesis.

3.3.2 Data Annotators

Data annotators carry out \critical sense-making labours" by assigning human un-

derstanding and interpretation of speci�c knowledge (in the context of the project

reported in this thesis, the human understanding and interpretation of human grief)

to data through labels, a process that is fundamental to applying and assessing ma-

chine learning (ML)-driven technologies (Kapania et al. 2023).

To evaluate the reliability of the data annotated by me in the research reported in

this thesis, a student (henceforth, Annotator Z) with a Bachelor of Science degree

92Namely, Beck et al. 1979; Linehan and Nielsen 1981; Cull and Gill 1982; Miller et al. 1986;
Reynolds 1988; Reynolds 1991; Cooper-Patrick et al. 1994; Osman et al. 1998; Hall et al. 1999;
Osman et al. 2001; InterSePT Study Group et al. 2003; Lee et al. 2003; Heisel and Flett 2006;
Posner et al. 2011; van Spijker et al. 2014.
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Table 3.8 : The Third Version of Annotation Guideline
0 Suicide Ideation

Thinking about, considering, or planning suicide; Any self-reported thoughts of engaging in
suicide-related behaviour; Fleeting suicidal thoughts; Extensive suicidal thoughts; Detailed
suicidal planning; Incomplete suicide attempts; Passive thoughts of death.
For example:
- Wish to die during sleep;
- Being killed in an accident;
- Feeling that one would be better o� dead;
- Feeling that life is not worth living;
- Would not take precautions to save life;
- Would leave life/death to chance, e.g., carelessly crossing a busy street;
- Would avoid steps necessary to save or maintain life, e.g., diabetic ceasing to take insulin;
- Would deliberately ignore taking care of their health, e.g., trying to die by eating too much
(too little), drinking too much (too little), or by not taking needed medications.

1 Bereaved User

Explicit mention of the death of a loved one.

2 Death of someone close at least six months ago

3 A persistent and pervasive longing for the deceased

Strong feelings of yearning or longing for your loved one

4 A persistent and pervasive preoccupation with the deceased

- Thoughts or images of your loved one that intrude on your activities or on your thoughts
about other things;
- Preoccupation with thoughts or memories of the deceased person (in children and
adolescents, preoccupation may focus on the circumstances of the death);

5 At least one example of intense emotional pain

e.g., Sadness; Guilt; Anger; Denial; Blame; Di�culty accepting the death; Feeling one has
lost a part of one's self; An inability to experience a positive mood; Emotional numbness

6 Substantial impairment in personal, family, social, educational, occupational,
or other important areas of functioning as a result of the symptoms

7 The grief response has persisted for an atypically long period (greater than
or equal to 6 months) and clearly exceeds norms for the individual's social,
cultural, or religious context

-1 Others (i.e., none of the above)

in Psychology who has no history of mental illness, such as depression, and is not

currently experiencing grief reactions, was included to carry out the annotation

tasks for calculating inter-rater reliability (IRR) (see Section 3.3.3 below) between

us.

Most previous studies on suicidal ideation recruit experts and/or students with

relevant knowledge and experience for the annotation works (Xu 2022). For instance,

several studies involve mental health researchers (O'Dea et al. 2015; Wang et al.

2018; Vioul�es et al. 2018; Sawhney et al. 2018; Huang et al. 2019); psychiatrists
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Table 3.9: Summary of PGD De�nitions in ICD-11 in previous studies (Colvin and Ceide
2021; Killikelly et al. 2021)
Criterion ICD-11 PGD de�nition

A. Event Death of someone close at least six months ago

B. Core items At least one of persistent and pervasive longing for the deceased
or persistent and pervasive preoccupation with the deceased

C. Accessory items Accompanied by at least one example of intense emotional pain, e.g.
Sadness
Guilt
Anger
Denial
Blame
Di�culty accepting the death
Feeling one has lost a part of one's self
An inability to experience positive mood
Emotional numbness

D. Impairment criteria Substantial impairment in personal, family, social, educational, occupational,
or other important areas of functioning as a result of the symptoms

E. Cultural features The grief response has persisted for an atypically long period (� 6 months)
and clearly exceeds norms for the individual's social, cultural, or religious context

(Alada�g et al. 2018) or clinical practitioners (Gaur et al. 2019). Other works engage

students specializing in suicide research (Lv et al. 2015; Gao et al. 2017; Liu et al.

2019), students in clinical psychology with regular exposure to social media (Mishra

et al. 2019; Sinha et al. 2019), or students who are active on social media and familiar

with cognitive psychology (Sawhney et al. 2018).

There are also studies that employed crowdsourcing services, such as Crowd
ower93

(Burnap et al. 2015, 2017; Shing et al. 2018) to complete annotation works (Xu 2022).

Crowdsourcing refers to the practice of \taking a job traditionally performed by a

designated agent (usually an employee) and outsourcing it to an unde�ned, generally

large group of people in the form of an open call" (Howe 2006). This method provides

an alternative to annotation works performed by domain experts or trained students,

which are essential but often time-consuming and costly (Hsueh et al. 2009). By

leveraging online platforms like Crowd
ower and Amazon Mechanical Turk94, re-

searchers can outsource large-scale labelling works to a broad pool of annotators,

achieving low overall costs and fast completion rates (Hsueh et al. 2009; Nassar

and Karray 2019). Furthermore, previous empirical studies by Burnap et al. (2017)

and Liu et al. (2017) proved that annotated data with high inter-annotator agree-

ment among multiple non-expert annotators from crowdsourcing platforms can be

as e�ective for building robust and reliable models as expert-annotated data.

However, as Burnap et al. (2015, 2017) have observed during the annotation pro-

93https://www.crowdflower.com/
94https://www.mturk.com/
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cess, crowdsourcing platforms continuously recruit annotators until the work is com-

pleted. As a result, not all annotators may annotate the same set of data, making

it di�cult to calculate traditional Interrater Reliability 95 measures, such as Cohen's

Kappa (Cohen 1960), to assess agreement among all annotators. Moreover, Shing

et al. (2018) hypothesized that the much poorer performance of annotators from

the crowdsourcing platform in their study is likely due to their lack of specialized

training compared to experts along with their incentives-driven rather than mission-

driven motivations, which could reduce their commitment to the task. Liu et al.

(2019) also stated that their approach outperformed earlier ML models for iden-

tifying posts with suicidal ideation, largely because they employed students with

expertise in suicide-related research to carry out the annotations rather than rely-

ing on crowdsourced annotators.

Annotator Z has completed key psychology-related courses, equipping them with

essential knowledge for understanding mental health-related content and applying

research methodologies. Additionally, Annotator Z's regular engagement with so-

cial media platforms ensures familiarity with online behaviours. This background

makes them capable of e�ectively employing the guidelines to produce quality an-

notations.

Furthermore, Annotator Z underwent training on a set of 117 posts randomly se-

lected from the dataset previously annotated by me (henceforth, Annotator X). The

training includes familiarization with the annotation guideline (Version 3), practice

with post examples, and feedback sessions to discuss the confusion about the guide-

line criteria, disagreements on labels between Annotators Z and X, and challenges

encountered during the annotation process.

During the annotation of the training dataset, Annotator Z expressed confusion

regarding the criteria for labels 5 and 6. The fourth version of the annotation guide-

lines then incorporated additional clari�cations96 to provide a clearer understanding

of these two labels, as outlined below:

95Inter-Rater Reliability (IRR) refers to the degree of agreement between two or more individuals
when they independently assess the same set of subjects (Fink 2010; Hallgren 2012; McHugh 2012).

96Clari�cation were added after consulting an expert in mental health research.
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ˆ Substantial impairment in personal, family, social, educational, oc-

cupational, or other important areas of functioning as a result of the

symptoms

{ This label applies when grief reactions signi�cantly interfere with daily

functioning. Examples include not being able to work or work e�ectively,

a�ecting social relationships, not seeing friends, or not doing things that

they previously enjoyed.

ˆ The grief response has persisted for an atypically long period

(greater than or equal to 6 months) and clearly exceeds norms for

the individual's social, cultural, or religious context

{ In general, anyone reporting intense grief lasting more than a couple of

years would likely meet this criterion.

{ In most cases, if the loss happened more than six months ago and the

person continues to experience severe grief reactions, label 6 would likely

apply.

{ Scenarios: Consider a person in their mid-30s who lost their spouse and

has two young kids. If they are still struggling signi�cantly two years

after the loss, this could be seen as \expected" given the circumstances.

However, in the case of a 50-year-old person grieving the loss of their life

partner, experiencing intense grief two years later might be considered

atypical. Similarly, if someone is mourning the loss of a friend, a neigh-

bour, or a former romantic partner from a broken relationship, prolonged

grief beyond two years may also be seen as unexpected.

With the updated guidelines, Annotator Z independently completed the annota-

tions on the training dataset, and Inter-Rater Reliability (IRR) measures were cal-

culated.

3.3.3 Inter-Rater Reliability (IRR)

IRR is a statistical measure of the degree of similarity between the results of di�erent

annotators' labelling tasks (El Dehaibi and MacDonald 2020).

Several measures exist for IRR, the easiest to compute and interpret being the

percent agreement (also called the percentage of agreement), which is calculated as

the number of agreement scores divided by the total number of scores (McHugh

2012; Armstrong et al. 2020; Rau and Shih 2021):
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Percent Agreement =
Number of agreed annotations between the annotators

Total number of annotations
� 100%

While it is a widely used metric, percent agreement has been criticized in use as

it does not account for the possibility of agreement occurring by chance (i.e., when

annotators happen to agree coincidentally) (Cohen 1960; Hallgren 2012; McHugh

2012), leading to potential overestimation of the level of agreement (Hallgren 2012;

Armstrong et al. 2020). Cohen's Kappa (Cohen 1960) was developed to address

this concern (McHugh 2012). It is a robust statistic that measures the level of

agreement between two annotators97, which could be particularly suitable for this

thesis, and accounts for the possibility that annotators may assign labels due to

uncertainty (Ben-David 2008; McHugh 2012; Moreno and Swales 2018; Rau and

Shih 2021).

The formula for Cohen's Kappa (Ben-David 2008; Sun 2011; Hallgren 2012; Hong

et al. 2014; Wang et al. 2019) is:

� =
Overall percent agreement - Chance agreement

Chance agreement

The value of Cohen's Kappa ranges from -1.00 to +1.00. The upper limit, +1.00,

occurs only when the two annotators agree perfectly (Ben-David 2008; Sun2011;

McHugh 2012; Hallgren 2012; Hong et al. 2014; Wang et al. 2019). A value of 0.00

suggests that the observed agreement between the annotators is completely due to

random chance (Ben-David 2008; Sun 2011; McHugh 2012; Hallgren 2012; Hong et

al. 2014; Wang et al. 2019), and -1.00 indicating entirely disagreement (Ben-David

2008; Hallgren 2012), meaning that whenever one annotator assigns a particular

label, the other annotator consistently assigns a di�erent one.

While the meanings of Cohen's Kappa values at the extremes (0.00, +1.00) are clear,

interpreting intermediate values can be more challenging (Sun 2011). Several e�orts

have been made to provide practical interpretations of these values. One of the most

widely accepted and commonly referenced interpretations (Sun 2011; Rau and Shih

2021) was introduced by Landis and Koch (1977). According to their scale, di�erent

ranges of values correspond to varying levels of agreement (Table 3.10).

However, in the case of this thesis, where each Reddit post can be annotated with

more than one label, percent agreement and Cohen's Kappa could become less e�ec-

97https://scikit-learn.org/dev/modules/generated/sklearn.metrics.cohen_kappa_s
core.html
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Table 3.10: Interpretation of Cohen's Kappa values proposed by Landis and Koch (1977)

Cohen's Kappa Interpretation

< 0.00 Poor agreement
0.00-0.20 Slight agreement
0.21-0.40 Fair agreement
0.41-0.60 Moderate agreement
0.61-0.80 Substantial agreement
0.81-1.00 Almost perfect agreement

tive. These measures are unable to capture degrees of partial label agreement, and

would treat any level of disagreement as total disagreement. For example, consider

a scenario where Annotator X labels a post with labels 1, 2, 4, and 5, while Anno-

tator Z, uncertain about label 5, assigns only labels 1, 2, and 4 to the same post.

If percent agreement is used to evaluate the consistency between Annotators X and

Z, it would indicate complete disagreement since their annotations do not match

exactly. This oversimpli�es the task, ignores valuable overlaps between annotations,

and does not re
ect the true level of agreement between annotators.

Fleiss' Kappa (Fleiss 1971)98 and Krippendor�'s Alpha (Krippendor� 1970) 99, are

also commonly used IRR metrics. However, both also rely on binary notions of

agreement (Lajewska and Balog 2023) and are not applicable to multi-label scenarios

(Li et al. 2023) (Table 3.11). Additionally, they are more appropriate for tasks

involving more than two annotators (McHugh 2012; Rau and Shih 2021).

Table 3.11: Overview of supported scenarios for Cohen's Kappa, Fleiss' Kappa and
Krippendor�'s Alpha, adapted from Li et al. (2023)

IRR metrics Support multi-rater Support multi-class Support multi-label

Cohen's Kappa Not Support Support Not Support
Fleiss' Kappa Support Support Not Support
Krippendor�'s Alpha Support Support Not Support

Given these considerations, the research reported in this thesis employs the Jaccard

98Fleiss' Kappa is an extension of Cohen's Kappa (Van Gelderen et al. 2019; El Dehaibi and
MacDonald 2020; Webb et al. 2021), is de�ned as:

� =
Observed agreement - Expected agreement

1 - Expected agreement
99Krippendor�'s Alpha is a measure more 
exible than Fleiss' Kappa and known for its appli-

cability to any measurement scale, including metric data, and its ability to handle missing values
(Zapf et al. 2016), is calculated using the following formula (Armstrong et al. 2020):

� = 1 �
1 � Observed agreement
1 - Chance agreement



3.3. Data Annotation 45

Similarity (Jaccard 1912) to evaluate the agreement between the annotations of

Annotator X and Annotator Z. This metric is de�ned as the ratio of the number of

common labels (the intersection) to the total number of unique labels (the union)

of two annotation sets (Wood et al. 2018; Skj�rholt 2014):

J (X; Z ) =
jX \ Z j
jX [ Z j

As shown in the equation above, the Jaccard Similarity considers partial matches

that commonly used IRR metrics overlook, making it a more suitable metric for the

multi-label annotation task in the research reported in this thesis. It is straight-

forward to interpret (the value closer to 1 indicates higher consistency between

annotators (Olmstead and Turpen 2016; Kranzfelder et al. 2019)) and provides a

direct measure of overlap, assessing not only whether annotators X and Z agree but

also the extent of their shared labels.

This thesis also applies Cohen's Kappa to evaluate the consistency of annotations

on individual labels. By focusing on each label separately, the limitations of Cohen's

Kappa in multi-label analysis can be addressed. More importantly, this approach

enables the identi�cation of labels with discrepancies, highlighting the inherent com-

plexity of the task, as certain responses of human grief may be more challenging to

classify, revealing the multifaceted nature of the data.

Evaluating IRR in multi-label annotation tasks requires metrics capable of handling

complex agreements involving multiple labels per post. The combination of the

Jaccard Similarity and the label-speci�c Cohen's Kappa o�ers an e�ective approach.

This dual perspective allows for the examination of both individual label agreement

and overall annotation similarity, establishing a reliable framework for assessing

annotator consistency in multi-label annotation tasks of this thesis.

The Jaccard Similarity and Cohen's Kappa for the testing set are summarized in

Table 3.12.

With satisfactory IRR scores achieved, Annotator Z began annotating the datasets.

During this process, regular reviews and feedback sessions were held to address any

uncertainties and ensure consistency with the guidelines.

In February 2022, ICD-11 released a new version100. Compared to the 2021-05 re-

lease, this release introduced a new section, i.e., diagnostic requirements, which

speci�cally lists essential (required) features for PGD101. As such, the annota-

100https://www.who.int/news/item/11-02-2022-icd-11-2022-release
101https://icd.who.int/browse/2022-02/mms/en#1183832314
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Table 3.12: Testing Dataset: Cohen's Kappa for Individual Labels and Jaccard Similarity
for Total Annotations
Label Cohen's Kappa Interpretation

Label -1 0.66 Substantial agreement
Label 0 0.85 Almost perfect agreement
Label 1 0.50 Moderate agreement
Label 2 1.00 Almost perfect agreement
Label 3 0.64 Substantial agreement
Label 4 0.65 Substantial agreement
Label 5 0.48 Moderate agreement
Label 6 0.61 Substantial agreement
Label 7 0.65 Substantial agreement

Overall Jaccard Similarity (%) 83.01%

tion guidelines for this thesis were updated to incorporate ICD-11 2022-02 re-

lease102.

The �nal version of the annotation guidelines now includes seven main labels with

14 sub-labels, as outlined in Appendix. Along with updates based on the new

ICD-11 release, the guidelines for annotating suicidal ideation were also re�ned with

more detailed descriptions and illustrative examples to further improve clarity in

annotations.

Annotators applied these improved guidelines for annotating the dataset, and the

annotation results for this thesis, including the total number of annotated posts and

IRR metrics, are summarized in Table 3.13.

After the data annotation, a qualitative thematic analysis was conducted in Chapter

4 to explore the subjective experiences of bereaved users with suicidal ideation.

3.4 From a Humanities and Social Sciences Per-

spective: Thematic Analysis

The qualitative thematic analysis in this research was guided by Braun and Clarke's

approach (2006) and conducted by using NVivo103,104. Thematic analysis is de�ned

as a systematic method for \identifying, analysing and reporting patterns (themes)

within data" (Braun and Clarke 2006, p.79). It follows a straightforward six-phase

102The description and Diagnostic Requirements for PGD in 2022-02, 2023-01 and 2024-01 releases
have remained unchanged

103https://lumivero.com/product/nvivo/
104NVivo is a computer-assisted qualitative data analysis software package.
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Table 3.13 : Overview of Annotation Results and Agreement Metrics
Datasets Version of Number of Cohen's Kappa Interpretation Jaccard

Guidelines Applied Annotated Posts Agreement Similarity (%)

Annotation Dataset 1 Fourth Version 117 Label -1 0.66 Substantial agreement 83.01%
(Testing Dataset) Label 0 0.85 Substantial agreement

Label 1 0.50 Moderate agreement
Label 2 1.00 Almost perfect agreement
Label 3 0.64 Substantial agreement
Label 4 0.65 Substantial agreement
Label 5 0.48 Moderate agreement
Label 6 0.61 Substantial agreement
Label 7 0.65 Substantial agreement

Annotation Dataset 2 Fourth Version 757 Label -1 0.75 Substantial agreement 85.68%
Label 0 0.82 Almost perfect agreement
Label 1 0.61 Substantial agreement
Label 2 0.91 Almost perfect agreement
Label 3 0.57 Moderate agreement
Label 4 0.51 Moderate agreement
Label 5 0.76 Substantial agreement
Label 6 0.67 Substantial agreement
Label 7 0.86 Almost perfect agreement

Annotation Dataset 3 Fourth Version 345 Label -1 0.50 Moderate agreement 83.57%
Label 0 0.82 Almost perfect agreement
Label 1 0.50 Moderate agreement
Label 2 0.94 Almost perfect agreement
Label 3 0.63 Substantial agreement
Label 4 0.41 Moderate agreement
Label 5 0.34 Fair agreement
Label 6 0.70 Substantial agreement
Label 7 0.26 Fair agreement

Annotation Dataset 4 Final Version 4,561 Label -1 0.67 Substantial agreement 89%
Label 0 0.95 Almost perfect agreement
Label 1 0.72 Substantial agreement
Label 2 0.99 Almost perfect agreement
Label 3 0.49 Moderate agreement
Label 4 0.83 Almost perfect agreement
Label 5 0.66 Substantial agreement
Label 6 0.71 Substantial agreement

*The posts in the annotation datasets were randomly sampled from those collected in 2021 and 2023 (Section 3.2.4). Due to the limited time
available for the annotation work in a PhD project, annotating all the Reddit posts collected for the research reported in this thesis would have
been impractical.

process, i.e., data familiarization, code generation, theme formulation, theme review,

theme de�nition and name, and report production (Table 3.14).

Performing thematic analysis prior to applying NLP techniques to extract features

from annotated posts and subsequently feeding them into automated ML models

is an invaluable step. This approach incorporates humanities-based considerations

into this thesis, ensuring that sensitive human experiences and complex emotional

states are not reduced to just statistics or simplistic labels. The thematic analysis

facilitates direct engagement with the words of bereaved individuals, allowing their

voices to be preserved in the �ndings. Furthermore, users' statements that were ref-

erenced to illustrate themes have been rephrased to protect user identities (Sugiura

et al. 2017; Sawhney et al. 2021; Naseem et al. 2023; Naseem et al. 2024; Zhang

et al. 2024; Doyle et al. 2024), and all identi�able information has been removed.

None of these quotes can be traced to a speci�c individual.

Additionally, theoretical frameworks related to grief and suicide, including Worden's
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Table 3.14 : Overview of the Six Phases of Thematic Analysis (Braun and Clarke 2006)
Phase Description

Familiarization with the Data Reading and re-reading the data, noting downinitial ideas.

Generating initial codes Coding interesting features of the data in a systematic fashion across
the entire data set, collating data relevant to each code.

Searching for themes Collating codes into potential themes, gathering all data relevant to
each potential theme.

Reviewing themes Checking if the themes work in relation to the coded extracts (Level 1)
and the entire data set (Level 2), generating a thematic `map' of the
analysis.

De�ning and naming themes Ongoing analysis to re�ne the speci�cs of each theme, and the overall
story the analysis tells, generating clear de�nitions and names for each
theme.

Producing the report The �nal opportunity for analysis. Selection of vivid, compelling extract
examples, �nal analysis of selected extracts, relating back of the analysis
to the research question and literature, producing a scholarly report of
the analysis.

four basic tasks of grieving (Worden 2018), Bonanno and Kaltman's four fundamen-

tal components of the grieving process (Bonanno and Kaltman 1999), Durkheim's

Theory of Suicide (Durkheim 1897), The Hopelessness Theory of Suicide (Abramson

et al. 1989, 2000; Klonsky et al. 2012), Shneidman's Theory of Psychache (Shneid-

man 1985, 1987, 1993), Baumeister's Escape Theory (Baumeister 1990), Williams'

Cry of Pain Model of Suicide (Williams and Pollock 2000; Williams 2001; Williams

and Pollock 2001), Interpersonal Psychological Theory of Suicide (Joiner Jr 2005),

the Three-Step Theory of Suicide (Klonsky and May 2015; Klonsky et al. 2021), and

Integrated Motivational-Volitional (IMV) Model of Suicide (O'Connor and Kirtley

2018), are employed to interpret and provide context for the identi�ed themes. This

framework-driven approach goes beyond simply identifying patterns in subjective

personal experiences, which focuses on the `what,' to exploring the underlying con-

texts and motivations, which address the `why.' By prioritizing human narratives,

thematic analysis ensures that the analysis conducted in this study captures the

depth and complexity of the human-generated data, maintaining authenticity while

addressing sensitive topics with care, understanding, and ethical responsibility.

The primary data for the thematic analysis are the 100 Reddit posts from unique

users that were randomly selected fromAnnotation Dataset 1, Annotation Dataset

2, and Annotation Dataset 3. The sample size of 100 was chosen as it meets the

criteria for Big Qualitative Data, as de�ned by Brower et al. (2019). Big Qualitative

Data refers to large qualitative datasets involving a minimum of 100 participants,

derived from either primary or secondary data sources. For the analysis, the three

annotated datasets were �rst �ltered to include only posts that express suicidal

ideation and explicitly reference the death of a loved one, ensuring relevance to the
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research focus.

Thematic analysis is a detailed and labour-intensive method that involves reading,

coding, and interpreting data to identify key patterns/themes. Given the large vol-

ume of posts collected from Reddit in this research, analyzing the entire dataset

within a limited timeframe of a PhD project would be impractical and may com-

promise the quality of the analysis. By selecting a sample of 100 posts, the study

ensures a manageable workload that allows for a more in-depth examination of each

post, preserving the context and subtleties of users' expressions and enabling the

identi�cation of patterns/themes that might be overlooked in a larger dataset.

Following the completion of the thematic analysis, the next step is to explore the

feasibility of applying ML models to detect suicidal ideation in bereaved Reddit

users. Before extracting features for model training, annotated data needs to be

cleaned and standardized.

The next section begins by outlining the common data pre-processing approaches

employed in previous studies, including techniques such as text cleaning, stopword

removal, and tokenization. It then details the speci�c approaches implemented in

this research to prepare the data for subsequent analysis.

3.5 From a Digital Technology Perspective: The

Application of Machine Learning Models

3.5.1 Data Pre-processing

Online data is often noisy (Liu et al. 2017; Sawhney et al. 2018; Mbarek et al.

2019; Mishra et al. 2019). Text sourced from Reddit is typically unstructured and

includes various forms of noise, such as URLs, HTML tags, special characters, etc.,

and needs to be cleaned and standardized before proceeding with feature extraction

and ML modelling.

Various techniques can be employed to reduce data sparsity (Desmet and Hoste

2018) (e.g., eliminating rarely occurring or irrelevant words or phrases that add un-

necessary complexity without contributing meaningful value), minimize noise while

maintaining valuable information, and convert raw textual data into a machine-

readable format (Mishra et al. 2019; Parraga-Alava et al. 2019; Tadesse et al. 2020).

Selecting e�ective pre-processing techniques signi�cantly improves the accuracy of

instance detection (Han et al. 2012; Haddi et al. 2013; Batrinca and Treleaven 2015;

Krouska et al. 2016; Singh and Kumari 2016; Gupta et al. 2019; Tadesse et al.

2020).
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Commonly used data pre-processing techniques (Xu 2022) include:

ˆ Text cleaning: The process of removing unwanted content from the data (Singh

and Kumari 2016). It is an essential step in data pre-processing, as the irrele-

vant elements within the post can lead to erratic results (e.g., unreliable pat-

terns) if left unaddressed (Tadesse et al. 2020). Practices in previous studies

typically include removing punctuation marks, special characters, non-ASCII

characters (Huang et al. 2014; Moulahi et al. 2017; Chiroma et al. 2018; Sinha

et al. 2019; Parraga-Alava et al. 2019; Luo et al. 2019; Gupta et al. 2019;

Tadesse et al. 2020) and repeated data (Gupta et al. 2019; Tadesse et al.

2020), as well as addressing URLs by either eliminating them (Liu et al. 2017;

Moulahi et al. 2017; Sawhney et al. 2018; Sawhney et al. 2018; Chiroma et

al. 2018; Parraga-Alava et al. 2019; Gupta et al. 2019) or replacing them

with a placeholder token (e.g.,URL) (Shing et al. 2018; Mishra et al. 2019)

or a single space (Tadesse et al. 2020). Additional steps involve expanding

contractions (Sinha et al. 2019), replacing redundant white spaces into a sin-

gle space (Tadesse et al. 2020), normalizing numbers (Shing et al. 2018), and

maintaining case consistency by converting all text to lowercase (Moulahi et al.

2017; Gupta et al. 2019; Tadesse et al. 2020). Furthermore, anonymization is

performed to protect user privacy by removing any potentially identi�able in-

formation (O'Dea et al. 2015; Burnap et al. 2015; Liu et al. 2017; Wang et

al. 2018; Sawhney et al. 2018; Tadesse et al. 2020; Roy et al. 2020).

ˆ Stopword removal: The process of eliminating frequently occurring words

(Singh and Kumari 2016; Zhu et al. 2023). It is also considered a common

practice in data pre-processing (Huang et al. 2014; Zhang et al. 2014; O'Dea

et al. 2015; Gao et al. 2017; Chiroma et al. 2018; Sawhney et al. 2018; Sawh-

ney et al. 2018; Mishra et al. 2019; Huang et al. 2019; Mbarek et al. 2019;

Parraga-Alava et al. 2019; Luo et al. 2019; Gupta et al. 2019). Stopwords

can be categorized into two types: general and domain-speci�c (Chai 2023).

General stopwords include prepositions (e.g., at), pronouns (e.g., you, I, he,

she, they), determiners (e.g., a, an, the), auxiliaries (e.g., was, were, is, are),

and other words with relatively less semantic signi�cance (Cheng et al. 2020;

Chai 2023). Domain-speci�c stopwords are words that carry semantic meaning

but are so prevalent across the datasets within a speci�c domain (Chai 2023).

ˆ Tokenization: The process of breaking down text, which a computer inter-

prets as a single continuous string of characters, into smaller units called to-

kens (Grefenstette 1999). For example, the sentence \I miss him terribly." is

tokenized into the following list: `I', `miss', `him', and `terribly'.
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ˆ Lemmatization: The process of converting a word to its dictionary form by

removing a�xes (Liu et al. 2021; Yeskuatov et al. 2022; Zhu et al. 2023). For

example, words like studying, studies, studied, and study are all reduced to

study, as root words with di�erent a�xes still share the same core meaning.

Without lemmatization, words with identical meanings (e.g., child and chil-

dren) could be treated as unrelated by ML models, potentially reducing model

accuracy (ibid.).

ˆ Stemming: The process of removing a�xes from a word to reduce it to its

root or base form (Verma and Marchette 2019; Thakare et al. 2022). This

technique shares a similar purpose with lemmatization but takes a simpler,

faster, yet less precise approach (Verma and Marchette 2019; Yeskuatov et al.

2022). For example, words like changing, changed, and change are just reduced

to the stem chang. In contrast, lemmatization is more accurate as it performs

morphological analysis and relies on dictionaries to ensure the output is a valid

root form. However, this increased accuracy comes with higher computational

complexity, making lemmatization slower than stemming (Yeskuatov et al.

2022).

ˆ Word segmentation: The process of dividing successive word sequences into

semantically independent word sequences by applying speci�c rules to identify

clear boundaries between words (Xu 2023). It is an important pre-processing

work, especially for languages like Chinese that do not use spaces to separate

words. It is also useful for processing online text, where merged words are

commonly found, either due to typing errors or deliberate choices, such as in

hashtags (Siino et al. 2024).

Building on the practices of previous studies, the data pre-processing approaches

in this thesis involved the removal of punctuation marks, special characters (e.g.,

*, Â, #, © ), and HTML tags (e.g., &amp;#x200B;, &amp;) as these elements

hold minimal importance during feature extraction (Arpita et al. 2020; Kangoo and

Roy 2023). Including such elements in the dataset could unnecessarily complicate

the analysis and hinder the e�ciency of ML models (Ranade et al. 2022). Their

removal simpli�es the data, allowing ML classi�ers to focus on meaningful features

(Chai 2023). URLs were also eliminated from the dataset, as they could be a poten-

tial source of noise. For example, if a URL address contains a word like \pleasant,"

it might be incorrectly interpreted as contributing to the sentiment (Arpita et al.

2020), potentially distorting predictions. Removing URLs can reduce the likelihood

of false associations. Repeated posts, which may have been introduced by the search

term �ltering approach in the data collection process, were also identi�ed and elim-
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inated. Contractions were expanded, redundant white spaces were replaced with

a single space, numerical digits were transformed into their text equivalents, and

all text was converted to lowercase. To further protect user privacy, Reddit links

to the original posts and usernames were removed. The text cleaning process was

carried out using Python libraries, including Pandas105, regular expression106, con-

tractions107, num2words108, and beautifulsoup4109. Table 3.15 illustrates the text

cleaning approaches employed in the research reported in this thesis.

Table 3.15 : Overview of the text cleaning approaches110

Text cleaning practices Input example Output example

Expanding contractions I don't know I do not know

Replacing redundant white spaces get rid of this pain get rid of this pain

Removing URLs Here is the news https://xxxx/xxxxx Here is the news

Removing HTML tags All I want is Ice&amp;Fire All I want is Ice&Fire

Removing punctuation marks I am so broken? I am so broken

Removing special characters I hate *you* I hate you

Transforming numerical digits into text It has been 5 days It has been �ve days

Converting all text to lowercase I do not know i do not know

Stopwords were not removed in the research reported in this thesis, as words like

intensi�ers, superlatives, pronouns, verbs, nouns, and prepositions, many of which

are classi�ed as stopwords, can contribute signi�cantly to the prediction of suicidal

thoughts and behaviours (Homan et al. 2022).

Tokenization and lemmatization were applied during pre-processing in this thesis to

reduce redundancy (Manning et al. 2008; Chai 2023) and facilitate computational

analysis (Chai 2023). These processes were implemented using the Python library

spaCy111. Since tokenization already splits the text into semantic units (Wrenn et al.

2007), word segmentation is unnecessary.

3.5.2 Feature Extraction

After pre-processing the data, the next step is extracting features, which provide

the inputs for ML classi�ers. This thesis focuses primarily on linguistic and content-

based features. Behavioural and attribute-based features, although commonly used

105https://pypi.org/project/pandas/
106https://docs.python.org/3/library/re.html
107https://pypi.org/project/contractions/
108https://pypi.org/project/num2words/
109https://pypi.org/project/beautifulsoup4/
110The approaches in this table exclude the removal of duplicate posts and user information.
111https://spacy.io/
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in previous studies on online suicidal ideation detection (Xu 2022), are impractical

to extract due to the characteristics of the Reddit platform.

Behavioural features typically include user engagement metrics such as posting fre-

quency, commenting, liking, sharing, and interactions within social networks (Xu

2022). Reddit provides certain engagement metrics, such as posting, commenting,

and voting (upvoting or downvoting), but lacks key features like direct social con-

nections (e.g., friends and followers) that could play a signi�cant role in accurately

classifying frivolous expressions as non-suicidal (Sinha et al. 2019; Mathur et al.

2020). While the voting function could theoretically be used to measure engage-

ment, it primarily re
ects how the community responds to the content. Addition-

ally, since votes are anonymous and aggregated, they provide limited information

about personal engagement trends that might indicate suicidal intention.

Another challenge with applying behavioural features to Reddit data is its empha-

sis on anonymity. Unlike platforms where users maintain identi�able pro�les and

long-term engagement patterns can be tracked, Reddit allows users to remain anony-

mous and create multiple accounts112. As a result, it becomes di�cult to extract

consistent behavioural trends or temporal patterns. Although previous studies (e.g.,

Huang et al. 2014) have demonstrated that temporal patterns, such as changes in

posting frequency and time-of-day activity, are useful in identifying suicidal ideation,

applying such methods to Reddit data is di�cult due to the irregularity and context-

speci�c nature of user activity.

Similarly, attribute features, which include demographic information such as age,

gender, location, occupation, and pro�le photos, are impractical to extract from

Reddit. Unlike platforms where users are required or encouraged to provide per-

sonal details, Reddit users often create sparse pro�les that contain minimal, if any,

demographic information. Even when users voluntarily disclose personal details in

their posts or comments, the data tends to be inconsistent and unstructured, making

it unreliable for large-scale feature extraction. Furthermore, pro�le images, which

may o�er demographic clues on other platforms (Guan et al. 2015; Mbarek et al.

2019), are irrelevant on Reddit because users usually use avatars or arbitrary images

rather than personal photos.

According to Xu (2022), frequently used techniques in previous studies for extract-

ing linguistic and content-based features include Linguistic Inquiry and Word Count

(LIWC), Part of Speech (POS) tagging, Term Frequency{Inverse Document Fre-

quency (TF-IDF), N-gram, Latent Dirichlet Allocation (LDA) Topic modelling,

112https://support.reddithelp.com/hc/en-us/articles/204535759-Is-it-ok-to-creat
e-multiple-accounts
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Bag-of-Words (BOW), and Word embeddings.

Given the constraints of LDA Topic modelling113, BOW114, and Word embed-

dings115, this thesis employed LIWC, TF-IDF, POS Tagging and N-gram to extract

features.

Linguistic Inquiry and Word Count (LIWC)

LIWC 116 is a lexicon-based tool for analyzing word use (Bahgat et al. 2022; Yan et al.

2024). The latest version, LIWC-22, includes over 100 built-in dictionaries developed

to capture individuals' social and psychological states. Each dictionary contains a

list of words, word stems, and other speci�c verbal constructions associated with

particular psychological categories of interest117.

113LDA identi�es patterns in the text by analyzing word co-occurrence through probabilistic
modelling (Tadesse et al. 2019). At its core, LDA represents each document, such as a Reddit
post, as a combination of latent topics, with each topic de�ned by a probabilistic distribution
of words (Yeskuatov et al. 2022). The words with the highest probabilities in a topic indicate
what that topic is about (ibid.). LDA has limitations that a�ect its reliability. One of the main
challenges is the need to pre-determined the number of topics (Park and Conway 2018). This re-
quirement could introduce subjectivity, as determining the optimal number of topics often depends
on the researcher's judgment or trial-and-error methods. Any change in the parameter can lead to
di�erences in the outcomes, potentially a�ecting the accuracy of classi�cation and the overall per-
formance of the model (Tadesse et al. 2019). Additionally, LDA is a non-deterministic algorithm
that relies on a stochastic sampling process to update its internal weights (Agrawal et al. 2018),
making it sensitive to the order of training data. Shu�ing the data can cause LDA to generate
di�erent topics, resulting in inconsistent outcomes. These inconsistencies can lead to misleading
interpretations and reduce the e�ectiveness of classi�cation tasks (ibid.).

114Bag-of-Words (BOW) is an algorithm that lists unique words within a document and pairs
them with their corresponding word counts (Tadesse et al. 2020). These word counts are then
employed to generate feature vectors, which are used as input for further document analysis and
summarization (ibid.). However, BOW focuses on word duplicates without accounting for the
syntactic structure or semantic meaning of the text (Chiroma et al. 2018). It treats a text as
a collection of words and fails to di�erentiate sentences with the same words but di�erent word
orders (Qader et al. 2019; Basyouni et al. 2024). As a result, important information about the
user's psychological state may be lost (Basyouni et al. 2024).

115Word embedding transforms the words into a real-valued vector representation (Sawhney et
al. 2018; Gaur et al. 2019; Tadesse et al. 2020), e�ectively capturing both their semantic and
syntactic meanings by learning from large, unlabelled corpus (Bhoir et al. 2017). Such techniques
are typically applied in combination with Deep Learning (DL) classi�ers, where the generated
vectors are used as inputs for DL models (Yeskuatov et al. 2022). However, since this thesis
focuses on establishing detection models with supervised ML classi�ers (see Section 3.5.3), the use
of word embeddings will not be prioritized.

116https://www.liwc.app/
117https://www.liwc.app/help/howitworks
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Key advantages of LIWC, highlighted by Mbarek et al. (2019), include its ability to

analyze text �les on a word-by-word basis using an internal dictionary and calculate

the percentage of words in a text that fall into speci�c linguistic or psychological

categories118. For example, when LIWC is used to analyze a Reddit post containing

100 words with the built-in LIWC-22 dictionary, it might identify 20 words associ-

ated with negative emotions and 10 words related to a�liation. LIWC would then

convert these counts into percentages, reporting 20% for negative emotion words

and 10% for a�liation words 119.

In a related study, O'Dea et al. (2017) applied LIWC to examine di�erences in

the linguistic pro�les of suicide-related tweets. The �ndings revealed that strongly

concerning suicide-related posts, compared to non-suicide-related posts, displayed

higher word counts, more frequent �rst-person pronouns, and increased references

to death. Furthermore, when compared to safe-to-ignore posts, these concerning

posts also exhibited heightened use of �rst-person pronouns, greater expressions of

anger, and a stronger focus on the present. Similarly, Ji et al. (2018) conducted

a LIWC-based analysis of language preferences in suicidal and non-suicidal Reddit

content. The study found that users with suicidal ideation tended to use personal

pronouns more frequently, re
ecting a heightened focus on the self. They also made

increased references to death, expressed more negative emotions, such as anxiety

and sadness, used the present tense to describe their su�ering and depression, and

employed the future tense to convey hopeless feelings and suicidal intentions.

Additionally, O'Dea et al. (2021) also identi�ed key predictive features for suicidal

thoughts, including \dictionary words" (i.e., the total number of words in the posts

that match the LIWC program dictionary), auxiliary verbs (e.g., am, will, have),

�rst-person singular pronouns, and negations (e.g., no, not, never).

Building upon these �ndings, this research employed LIWC (speci�cally, the latest

version, LIWC-22) to explore the word use patterns and preferences of bereaved

users experiencing suicidal thoughts and extract meaningful linguistic and emotional

features to input into ML classi�ers.

Part of Speech (POS) tagging

POS tags (Santorini 1990) are an essential feature in many NLP tasks (Martinez

2012; Chiche and Yitagesu 2022; Basyouni et al. 2024). These tags represent gram-

matical labels, such as nouns, verbs, adjectives, adverbs, pronouns, conjunctions,

118 ibid.
119 ibid.
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and other parts of speech, assigned to individual words in a sentence (Ji et al. 2018;

Basyouni et al. 2024).

Although the LIWC-22 categories contain several POS tags (e.g., pronoun as men-

tioned in Section 3.5.2), a separate analysis was conducted, and features were ex-

tracted using a more comprehensive POS tagger, spaCy120, to accurately count

the frequency of POS tags (Hossain and Samin 2022) in this research. This was

necessary because LIWC analysis relies on word-level matches with its internal dic-

tionaries121, without accounting for the broader syntactic and semantic context in

which the words appear (ibid.). Moreover, according to Bahgat et al. (2022), com-

pared to LIWC, POS taggers and parsers are often more e�ective in identifying

function words and determining time orientation (past, present, and future tenses)

in text.

In previous studies, function words have proven to be instrumental in understand-

ing how individuals communicate suicidal thoughts and attempts. For example,

Huang et al. (2015) compared the frequency of di�erent POS tags in texts dis-

cussing suicidal ideation with those that did not and found that suicidal texts had

more adverbs, verbs, pronouns, and adjectives, whereas non-suicidal texts contained

more nouns.

In this thesis, each annotated post was parsed and tagged with both the simple

UPOS tags122 (e.g., adjective (ADJ), adverb (ADV), adposition (ADP), auxiliary

(AUX), coordinating conjunction (CCONJ), determiner (DET), noun (NOUN),

pronoun (PRON), proper noun (PROPN), verb (VERB), subordinating conjunc-

tion (SCONJ)) and the detailed POS tags123,124 (e.g., modal auxiliary (MD), verb,

base form (VB), verb, non-3rd person singular present (VBP), verb, 3rd per-

son singular present (VBZ), verb, gerund or present participle (VBG), verb, past

tense (VBD), verb, past participle (VBN)). The detailed tags were then catego-

rized by tense following the approach described by Bucur et al. (2021): VBD and

VBN were grouped as past tense, and VBG, VBZ, VBP and VB were categorized

as present tense. Additionally, sequences in which the MD tag before a VB were

labelled as future tense.

120https://spacy.io/usage/linguistic-features#pos-tagging
121https://www.liwc.app/help/howitworks
122https://universaldependencies.org/docs/u/pos/
123https://spacy.io/usage/linguistic-features#pos-tagging
124https://web.stanford.edu/ ~jurafsky/slp3/old_oct19/8.pdf
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Term Frequency{Inverse Document Frequency (TF-IDF)

Studies have utilized TF-IDF (Salton and McGill 1983) to identify terms that fre-

quently occur in posts associated with suicidal ideation but are less common in

non-ideation posts (Burnap et al. 2015, 2017), and measure the importance of spe-

ci�c words in di�erentiating between suicide ideation posts and non-ideation posts

(Ji et al. 2018).

In a study focused on identifying imminent suicide risk among young adults through

text message analysis (Nobles et al. 2018), the best-performing model was a Deep

Neural Network (DNN) trained using a TF-IDF feature set. In their research, mod-

els relying on a feature set of LIWC were found to be less e�ective. Nobles et al.

(2018) hypothesized that this arose from the high variability in participants' use

of formal language and expression of emotional content. Unlike LIWC, which is a

dictionary-based method limited to prede�ned lexicon entries, TF-IDF allows mod-

els to analyze all words used by participants, regardless of their formal or informal

nature. This technique is based on the idea that frequently occurring words in a

large body of text often carry lower semantic signi�cance. TF-IDF analyzes word

frequency within the text and assigns weights accordingly, giving less frequent words

higher semantic importance (O'Dea et al. 2015; Gupta et al. 2019; Yeskuatov et al.

2022). For example, common words like \and" and \of" frequently appear in texts

but contribute little to their overall semantic value, as they function mainly as gram-

matical connectors rather than carriers of meaning. In contrast, nouns and verbs,

which occur less frequently, often play an important role in understanding the text's

meaning (O'Dea et al. 2015; Gupta et al. 2019). TF-IDF, therefore, could be partic-

ularly useful in this research. As mentioned earlier, stopwords (including \and" and

\of") were not removed from the dataset. By assigning appropriate weights, TF-IDF

can help focus the analysis on the more meaningful and informative terms, mitigat-

ing the potential impact of high-frequency but semantically insigni�cant words and

improving the overall e�ectiveness of the feature extraction process.

The TF-IDF score for a term in a post is computed by multiplying its Term Fre-

quency (TF) and Inverse Document Frequency (IDF) values (O'Dea et al. 2015;

Qaiser and Ali 2018; Gupta et al. 2019): TF measures how often a term appears in

a speci�c post:

TF =
Number of times the term appears in the post

Total number of terms in the post

It gives higher weight to frequently occurring terms within a speci�c post.
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IDF quanti�es how rare a term is across the entire corpus.

IDF = log
�

Total number of posts in the corpus
Number of posts containing the term

�

The IDF assigns lower weight to frequent words and assigns greater weight to the

words that are infrequent.

N-gram

In addition to LIWC, POS Tagging, and TF-IDF, N-gram was incorporated into

this thesis to extract co-occurring word patterns from the data.

An N-gram represents a sequence of N consecutive words (Nandanwar and Nallamolu

2021; Patel and Meehan 2021; Basyouni et al. 2023a,b, 2024; Jurafsky and Martin

2024): a 1-gram (unigram) is a single word, such as \die"; a 2-gram (bigram) is

a sequence of two words, like \want to" or \to die"; and a 3-gram (trigram) is a

three-word sequence, such as \want to die." By splitting text into these contiguous

sequences, N-grams capture the sequential relationships between adjacent words,

revealing contextual information such as phrases, patterns, or language structure

(Basyouni et al. 2024).

One of the signi�cant limitations of earlier studies in detecting suicidal ideation is

that they often relied on individual word-level analysis, such as the BOW approach

mentioned earlier. While such a technique can identify the presence of speci�c

words, it neglects the sequential arrangement of words and the contextual meaning

that arises from their ordering (Basyouni et al. 2023a,b, 2024). For instance, consider

two posts: \I want to die" and \I don't want to die." If techniques like BOW are

applied, the analysis only focuses on the individual words present, such as \I",

\want", \to", and \die", without considering their sequential relationships. As a

result, these two posts might be treated as the same by the model despite having

completely opposite meanings (ibid.). In contrast, if N-grams (n� 2) are employed,

they are able to capture word sequences such as `don't want,' preserving the context

provided by word order and enabling di�erentiation between posts that contain

the same words but express entirely di�erent meanings due to their arrangements

(ibid.).

Given this capability of N-grams, this thesis employed N-gram features in the form

of bigrams and trigrams to capture contextual relationships between words, preserve

the intended meaning of the post, and generate meaningful and e�ective inputs for

ML classi�ers.
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3.5.3 Model Application

In this thesis, features extracted were employed to train detection models using ML

classi�ers. The model application process was structured into three stages: ML

classi�er selection, model validation, and performance evaluation.

ML Classi�ers

ML is a branch of AI focused on enabling computers to learn and make deci-

sions based on data (Parraga-Alava et al. 2019). ML classi�ers are typically cat-

egorized into three types: supervised, unsupervised and semi-supervised learning

(ibid.).

Supervised learning involves training models on labelled data, where each data point

is provided with a known outcome (ibid.). With the use of practical features and

properly tuned, these techniques have been observed to achieve similar to better

performance than more complex classi�ers (Chiroma et al. 2018; Shing et al. 2018;

Fodeh et al. 2019).

In contrast, unsupervised learning seeks to uncover patterns, similarities, or group-

ings within a dataset without requiring labelled training data (Parraga-Alava et al.

2019). Recent studies have investigated the potential of integrating unsupervised

learning techniques into models, often leading to considerable performance improve-

ments (Gaur et al. 2019; Luo et al. 2019; Nikhileswar et al. 2021; Ji et al. 2022;

Renjith et al. 2022; Haque et al. 2022). However, a major challenge associated with

unsupervised classi�ers, particularly DL-based models, is that they often produce

results lacking clear interpretations (Almuqati et al. 2024). These models rely on

deep networks consisting of multiple layers of abstraction and a vast number of

interconnected parameters, making it di�cult to understand the logic behind re-

sult generation (Hern�andez-Blanco et al. 2019; Sun et al. 2023; Das and Gavade

2024). As a result, explaining the patterns they identify is often challenging. This

limitation can undermine trust and raise concerns about their application in psychi-

atry, where stakeholders, especially psychiatrists, must be able to justify predictions

that directly a�ect diagnostic decisions and therapeutic interventions (Rudin 2019;

Markus et al. 2021; Sun et al. 2023; Das and Gavade 2024).

As for semi-supervised learning, it is conceptually situated between supervised and

unsupervised learning, allowing the combined use of large amounts of unlabeled

data commonly available in many applications with typically smaller sets of labelled

data (van Engelen and Hoos 2020). This approach provides a practical solution to

the challenges of data annotation in real-world applications, where labelling data is
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often costly and time-consuming due to the need for human annotators with domain-

speci�c knowledge and training (Hady and Schwenker 2013). The process becomes

even more resource-intensive in tasks with numerous class labels or subtle distinc-

tions between them, leading to �nancial constraints and limited access to experts.

By integrating unlabeled data into the learning process, semi-supervised learning

reduces the dependence on extensive manual annotation (ibid.). However, while it

addresses the bottleneck of data labelling, it also carries the risk of performance

degradation (van Engelen and Hoos 2020), as incorporating unlabeled data may in-

troduce noise or inaccuracies that can a�ect model reliability. Given the sensitivity

of the research objective and the goal of achieving high accuracy, this study chooses

not to adopt semi-supervised methods. Instead, it focuses on improving the quality

of labelled data and extracting practical features.

In summary, supervised learning approaches o�er comparable accuracy while ensur-

ing interpretability and explainability, which are important in the research reported

in this thesis due to the sensitivity involved in detecting suicidal ideation. There-

fore, supervised ML classi�ers were employed to achieve both high performance and

adherence to ethical standards.

According to Xu (2022), the most popular ML classi�ers in prior online suicidal

ideation detection studies are classic supervised ones, including Support Vector Ma-

chines (SVM), Logistic Regression (LR), Random Forest (RF), Decision Tree (DT),

Na•�ve Bayes (NB), Extreme Gradient Boosting (XGBoost), and Gradient Boosting

Decision Trees (Gradient Boosting Decision Trees (GBDT)). Considering the limita-

tions associated with GBDT125, this thesis employed the remaining classi�ers.

Support Vector Machines (SVM)

SVM (Vapnik 1998) is a supervised ML classi�er that can be used for classi�cation

(Castelli et al. 2019). The core idea of SVM in classi�cation is to �nd the best pos-

sible dividing line, known as a hyperplane, that separates data points into di�erent

classes. This process takes place in a high-dimensional feature space (Du and Sun

2008).

125GBDT is a type of ensemble supervised ML classi�er. It boosts the performance of a classi�er
by iteratively adding new DTs to the ensemble (Sawhney et al. 2018). The basic principle of
GBDT is to boost model performance by sequentially combining weak base learners into a strong
one (Sawhney et al. 2018; Tao et al. 2022). However, a major limitation of GBDT is its inability to
update an existing model with new data without completely retraining it (Huang et al. 2021). Since
DTs are non-di�erentiable, maintaining an e�ective GBDT model typically involves full retraining,
which can be computationally expensive (Huang et al. 2021). Furthermore, GBDT was found to
have not achieved the best performance in any of the studies reviewed by Xu (2022). Consequently,
this classi�er was not utilized in the research reported in this thesis.
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In the case of binary classi�cation, SVM constructs two parallel boundaries on each

side of the dividing line, with the goal of maximizing the distance between them

(Castelli et al. 2019), known as the margin. A larger margin generally leads to a

lower generalization error of the classi�er (ibid.). While SVM is mainly a binary

classi�er, it can be adapted for multiclass classi�cation by breaking down the task

into multiple binary sub-problems (Yeskuatov et al. 2022), using strategies like one-

vs-one or one-vs-rest.

In support of its e�ectiveness, the survey by Xu (2022) reported that 11 out of 48

studies identi�ed SVM as the best-performing classi�er (Huang et al. 2014; Desmet

and Hoste 2014; Lv et al. 2015; O'Dea et al. 2015; Cheng et al. 2017; Liu et al. 2017;

Desmet and Hoste 2018; Shing et al. 2018; Alada�g et al. 2018; Liu et al. 2019; Huang

et al. 2019). O'Dea et al. (2015) highlighted SVM's reliability by noting that, during

testing, it achieved the same level of accuracy as human annotators. Additionally,

Shing et al. (2018) reported that SVM outperformed more complex models, such as

Convolutional Neural Network (CNN).

Given its strong performance and reliability, SVM was applied in this research.

Decision Tree (DT)

A DT is a non-parametric, tree-structured model used for classi�cation and forecast-

ing (Bhavsar et al. 2017; Semanjski 2023). It works by learning decision rules from

the training data, which are used to classify instances or predict outcomes (Fodeh

et al. 2019; Gupta et al. 2019).

The construction of a DT begins with a root node representing the entire dataset.

The dataset is then split into subsets based on the feature that provides the best

distinction between classes. These subsets are represented by branches, while the

resulting classi�cations or outcomes are represented by leaf nodes. The process

ends when all possible decisions and outcomes are considered, resulting in a tree-

like structure where a series of logical decisions leads from the input data to the

corresponding output labels (Semanjski 2023) (Figure 3.2).

DTs are known for their interpretability and ease of use, even by non-experts, as well

as their computational e�ciency in model induction (F•urnkranz 2011; Braithwaite

et al. 2016; Bhavsar et al. 2017; Huang et al. 2019).

Evidence supporting the strong performance of DT models comes from several prior

studies. For example, Braithwaite et al. (2016) demonstrated that the DT classi�er

accurately identi�ed clinically signi�cant suicidal rates in 92% of cases, highlighting

its reliability in distinguishing individuals at suicidal risk from those who are not.

Similarly, studies by Huang et al. (2015), Chiroma et al. (2018), and Vioul�es et al.
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Figure 3.2 : A simple DT for binary classi�cation, adapted from Bhavsar et al. (2017).

(2018) reported that DT classi�ers achieved the best performance in their suicidal

ideation classi�cation tasks. Moreover, Fodeh et al. (2019) observed that DT models

outperformed the popular unsupervised ML K-means clustering in identifying high-

risk users.

In conclusion, DT was employed in this research due to its demonstrated accuracy

and ease of interpretability as well as explainability.

Logistic Regression (LR)

LR is a widely used supervised ML classi�er for classi�cation tasks as well. It works

by identifying a linear relationship between the input features and the target class.

Then, it applies an activation function to introduce nonlinearity, which helps create

a separating boundary (hyperplane) that clearly separates data points into di�erent

classes (Zaidi and Al Luhayb 2023).

For binary classi�cation, the logistic function is typically used as the activation func-

tion because it e�ectively converts any real-valued input into a probability between
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0 and 1. If the predicted probability is less than 0.5, the model classi�es the outcome

as 0, representing the negative class. In contrast, if the probability is 0.5 or higher,

the outcome is classi�ed as 1, representing the positive class (Zaidi and Al Luhayb

2023; Yeskuatov et al. 2022).

Previous studies have highlighted the e�ectiveness of LR. In research by Wang et

al. (2018), LR achieved the best performance compared to SVM, RF, and GBDT.

Alada�g et al. (2018) emphasized the advantages of LR, including e�ciency, accu-

racy, interpretability, and the capability to update model parameters when exposed

to newly labelled data. They further highlighted that LR's simplicity and inter-

pretability make it suitable for integration into mobile apps, blogs, forums, or web

browsers to enable real-time online counselling with minimal computational over-

head when a suicidal post is detected.

Therefore, LR was applied in this research.

Na•�ve Bayes (NB)

NB is a straightforward supervised ML classi�er, gaining popularity in binary and

multi-class classi�cation tasks due to its simplicity and e�ciency in handling large

datasets (Uddin et al. 2019; Kanyongo and Ezugwu 2023).

At its core, NB applies Bayes' Theorem to estimate the probability of an outcome

based on prior knowledge (Zhang 2016; Yang 2018; Uddin et al. 2019). Mathemati-

cally, Bayes' Theorem is expressed (Zhang 2016):

P(A j B) =
P(B j A) � P(A)

P(B)

In this equation, P(A) and P(B) represent the prior probabilities of outcomesA

and B respectively. P(A j B) is the conditional probability of outcome A given

that B has occurred, whileP(B j A) represents the probability ofB occurring given

outcomeA.

In the context of NB classi�cation, A represents the target class, which is a classi�-

cation outcome, andB represents a set of input features (Zhang 2016). The goal is

to estimate the posterior probability P(A j B), which represents the likelihood of a

particular outcomeA given the input featuresB. The prior probability P(A) repre-

sents the initial belief about the likelihood of the outcomeA without considering any

additional features. As new evidence in the form of featuresB becomes available,

the likelihood P(B j A), which is the probability of observing those features given

a certain outcomeA, is derived from the training dataset. The denominatorP(B),

often referred to as the evidence, ensures that the resulting posterior probabilities
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are properly normalized. By combining the prior probability with the likelihood,

NB computes the posterior probability for each possible outcome and selects the

one with the highest posterior probability as the predicted result.

The term \naive" refers to the assumption that all features are independent of one

another given the target class, meaning the existence of one feature does not a�ect

the presence of another (Kanyongo and Ezugwu 2023; Zhang 2016). This assump-

tion allows the joint probability P(b1; b2; b3 j A) to be simpli�ed as the product of

individual probabilities P(b1 j A) � P(b2 j A) � P(b3 j A) (Zhang 2016). This sim-

pli�cation reduces computational complexity. Such reliance on simple probabilistic

computations, unlike many other ML classi�ers that require complex iterative opti-

mization to �ne-tune parameters, makes it highly e�cient, easy to implement, and

accessible to users with varying levels of expertise (Zhang 2016; Subasi 2020; Peretz

et al. 2024), while still delivering competitive performance in many classi�cation

tasks.

In the previous study by Abboute et al. (2014), six classi�ers, Repeated Incre-

mental Pruning to Produce Error Reduction (RIPPER) (JRIP), Instance-Based

K-nearest neighbors (IBK), Instance-Based 1-nearest neighbor (IB1), C4.5 Decision

Tree (J48), NB, and Sequential Minimal Optimization (SMO), were compared for

automatically classifying suspect tweets into risky and non-risky categories. Even

after the removal of the frequently occurring \Depression" attribute, which caused

signi�cant performance drops in other classi�ers, NB continued to deliver the best

results, demonstrating its robustness in classi�cation capability. Similarly, Gupta

et al. (2019) conducted a comparative analysis of DT and NB for suicidal tendency

classi�cation, using two methods of NB, Bernoulli NB and Multinomial NB. Their

�ndings revealed that Multinomial NB combined with TF-IDF achieved higher e�-

ciency than that of DT, further emphasizing the performance of NB in online suicidal

ideation applications.

Based on these �ndings, NB was applied in this research.

Random Forest (RF)

RF classi�er (Amit and Geman 1997; Ho 1998; Dietterich 2000; Breiman 2001) is an

ensemble classi�er that constructs a \forest" of DTs (Biau and Scornet 2016; Uddin

et al. 2019; Belyadi and Haghighat 2021). It follows the \divide and conquer"

principle by dividing the dataset into random subsets, building separate decision

trees for each subset, and aggregating their predictions to produce the �nal result

(Biau and Scornet 2016).

As illustrated in Figure 3.3, a RF consists of several DTs, each trained on di�erent
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Figure 3.3: An example of a simple RF for binary classi�cation, adapted from Uddin
et al. (2019).

subsets of the training data. When classifying a new sample, the input features are

passed down with each DT in the forest. Each DT then analyzes di�erent parts of

the input and provides a classi�cation result. The RF classi�er determines the �nal

classi�cation by either selecting the most frequent outcome for categorical predic-

tions or by calculating the average result across all trees for numerical predictions

(Uddin et al. 2019).

A major reason behind the popularity of RF is their advantage of requiring minimal

parameter tuning (Biau and Scornet 2016). According to Arowolo et al. (2023), RF

can achieve outstanding performance in the vast majority of cases, even with no

parameter optimization. Moreover, it demonstrates strong e�ciency when working

with datasets with a large number of instances and features (Alada�g et al. 2018;

Uddin et al. 2019). Chiroma et al. (2018) further noted that RF is able to reduce the

occurrence of false negatives, which are instances where a positive case is incorrectly

classi�ed as negative. This is particularly important in suicidal ideation detection

studies, where failing to identify individuals at risk could lead to severe consequences,

including missed opportunities for timely intervention and support.

In addition, when compared with other classi�ers, RF has demonstrated consider-

able e�ectiveness in detecting suicide-related text. Jones et al. (2019) conducted

experiments using RF, LR, and SVM, �nding that RF achieved the best perfor-

mance and was therefore selected as the �nal classi�er in their model. Similarly,
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Mbarek et al. (2019) reported that RF outperformed Bayesian Network (BayesNet),

Adaptive Boosting (AdaBoost), J48, and SMO in identifying suicidal pro�les on X.

Sawhney et al. (2018) also found that while LR, RF, GBDT and XGBoost produced

comparable outcomes, RF performed the best due to its ability to reduce error by

minimizing variance rather than reducing bias. Rajesh Kumar et al. (2020) observed

consistent results, reporting that RF produced better predictions compared to NB,

XGBoost, and LR.

Lastly, according to Uddin et al. (2019), RF can provide estimates of what fea-

tures are important in the classi�cation. This ability is particularly valuable in this

research, as it seeks to identify key predictors of suicidal ideation in bereaved individ-

uals. Considering all these advantages, RF was selected for use in this study.

Extreme Gradient Boosting (XGBoost)

XGBoost (Chen and Guestrin 2016) is a high-performance implementation of gradi-

ent boosted DTs, developed to optimize both computational e�ciency and predictive

accuracy (Tadesse et al. 2020). The basic idea of XGBoost is an iterative model im-

provement. The classi�er sequentially constructs an ensemble of DTs by adding new

trees that focus on correcting the errors made by previous ones. Each new tree is

trained to minimize the errors from the preceding prediction, and the �nal output is

obtained by aggregating the predictions from all the trees (Moore and Bell 2022; Su

et al. 2023). With this robust strategy, XGBoost achieves prediction accuracy com-

parable to many state-of-the-art ML methods, including neural networks (Moore

and Bell 2022).

Ji et al. (2018) observed that XGBoost outperformed �ve other techniques, SVM,

RF, GBDT, Long Short-Term Memory (LSTM), and Multilayer Feed-Forward Neu-

ral Network (MLFFNN), in detecting suicidal ideation from online content when in-

putting a set of features that include statistical features (e.g., the number of words,

tokens, and characters in the title and text body), POS features, LIWC features,

TF-IDF features, and LDA features.

Tadesse et al. (2020) found that combining handcrafted features, such as statistics

features (e.g., the number of tokens, words, sentences, and their respective lengths

in posts), TF-IDF features, and BOW features, with XGBoost produced results

comparable to LSTM and CNN models that utilized word embedding features.

Furthermore, similar to RF, XGBoost is able to compute the relative importance

of the features that are used to construct the trees (Shah et al. 2019). The feature

importance of a single DT is determined by measuring how much each split, based

on a speci�c feature, improves the model's performance (ibid.). This improvement
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is weighted by the number of data samples a�ected by the split. The overall feature

importance is then calculated by averaging these weighted improvement scores across

all trees in the ensemble (ibid.).

Given the competitive accuracy, interpretability through feature importance, and

robust performance of XGBoost, this thesis employed XGBoost.

Model Validation

When training a supervised ML model, using the same dataset for both learning and

testing the model is a methodological 
aw. This practice can lead to over�tting,

where the model memorizes the training data labels, achieving perfect accuracy on

that data but failing to predict correctly on new, unseen data. To avoid this, a

common approach is to allocate a portion of the data as a separate test set126.

However, splitting a dataset into two subsets or using separate datasets can be

ine�cient because only half of the data is used for model �tting, leading to the

loss of information (de Rooij and Weeda 2020). A more e�ective solution is K-

fold cross-validation. This technique can split the data into K independent subsets,

using each subset as a validation set in turn while the remaining K{1 subsets serve

as the training set (Refaeilzadeh et al. 2009; Koul et al. 2018; de Rooij and Weeda

2020; Pachouly et al. 2022). This approach ensures that each data point in the

dataset is used for both training and validation, thereby improving the e�ciency

of data utilization and enhancing the reliability of the model evaluation (de Rooij

and Weeda 2020; Pachouly et al. 2022). Figure 3.4 illustrates an example of K-fold

cross-validation with K = 10.

In the �eld of online suicidal ideation detection, Xu (2022) reported that 10-fold

cross-validation is the most commonly used technique, followed by 5-fold cross-

validation. de Rooij and Weeda (2020) further indicated that K = 10 is typically

used as a default setting, whereas K = 5 is recommended for smaller sample sizes,

such as those with fewer than 40 samples. Given the size of the annotated dataset in

this research, a 10-fold cross-validation technique was employed to ensure optimal

use of the available data.

126https://scikit-learn.org/stable/modules/cross_validation.html
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Figure 3.4: An example of K-fold cross-validation with K = 10, adapted from Colakoglu
et al. (2019).

Performance Evaluation

Once the models are trained, their performance is evaluated. Commonly employed

evaluation metrics for ML classi�ers includeAccuracy, Precision, Recall, and F1-

score:

ˆ Accuracy refers to the overall correctness of the model's predicted labels in

matching the true labels (Gao et al. 2017; Yeskuatov et al. 2022; Gorai and

Shaw 2024; Wang et al. 2024), i.e., the percentage of all posts that are correctly

classi�ed as either displaying suicidal ideation or not.

ˆ Precision represents how accurately the model classi�es data as belonging to

a speci�c class (O'Dea et al. 2015), i.e., the percentage of posts that the model

identi�es as displaying suicidal ideation that are actually conveying suicidal

ideation. Poor precision means lots of expended resources on those who might

not need help.

ˆ Recall, also known as sensitivity or the true positive rate, in the context of

detecting suicidal ideation, is the ratio of correctly classi�ed suicidal posts to

the total number of actual suicidal posts (i.e., the sum of correctly classi�ed

suicidal posts and those that were incorrectly classi�ed as non-suicidal) (O'Dea

et al. 2015; Gao et al. 2017; Gupta et al. 2019; Yeskuatov et al. 2022).

ˆ The F1-score is the harmonic mean ofPrecision and Recall, providing a bal-



3.5. From a Digital Technology Perspective: The Application of Machine Learning
Models 69

anced measure that considers both incorrect classi�cations and missed in-

stances (ibid.).

In Xu (2022)'s survey of studies on online suicide ideation detection, 33% of the

reviewed research applied all four metrics, while 31% usedPrecision, Recall, and

F1-score. These metrics are calculated based on four key outcomes in the classi�ca-

tion task: True Positive (TP), True Negative (TN), False Positive (FP), and False

Negative (FN) (Yeskuatov et al. 2022; Gorai and Shaw 2024; Wang et al. 2024).

For the task of detecting suicidal ideation: TP refers to the number of posts cor-

rectly classi�ed as suicidal. TN refers to the number of posts correctly classi�ed

as non-suicidal. FP, or Type I error, represents non-suicidal posts that were incor-

rectly classi�ed as suicidal. FN, or Type II error, refers to suicidal posts that were

incorrectly classi�ed as non-suicidal (Yeskuatov et al. 2022).

The equations for calculating these metrics are presented below:

Accuracy =
TP + TN

TP + FP + TN + FN

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 = 2 �
Precision� Recall
Precision + Recall

The values ofAccuracy, Precision, Recall, and F1-score range from 0 to 1, with

higher values indicating better performance (O'Dea et al. 2015; Gao et al. 2017;

Gupta et al. 2019).

Among these metrics,Recall is often emphasized because it re
ects the model's

ability to identify all actual positive instances. Poor recall means those at risk get

missed. Guan et al. (2015) highlightedRecall is the primary concern in their study,

given their aim to minimize the risk of overlooking suicidal individuals due to the

severe consequences associated with suicide. Similarly, Liu et al. (2019) emphasized

the importance ofRecall over Precision in detecting suicidal ideation. In addition,

Chiroma et al. (2018) argued that theF1-scoreis a more reliable measure of classi�er

performance thanAccuracy, as it considers bothPrecision and Recall, ensuring

that each metric contributes appropriately to the �nal evaluation of the model's

performance.
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In light of these �ndings, this research will calculate all four metrics, i.e.,Accuracy,

Precision, Recall, and F1-score, for each fold during the 10-fold cross-validation

process. The performance metrics obtained from each fold are averaged to generate

the �nal evaluation of the model. Furthermore, particular attention was given to

comparingRecall and F1-score to ensure a more reliable analysis.

3.6 From an Interdisciplinary Perspective: Ethi-

cal Considerations

The ML models applied in this thesis provide a practical approach to investigating

whether sensitive human experiences and complex emotional states, such as suicidal

ideation in bereaved individuals, can be automatically identi�ed by the trained

machines. However, during this process, a critical question arises:

ˆ Can digital technologies reliably and ethically identify sensitive human experi-

ences and complex emotional states?

To address this concern, the third systematic survey in this thesis was conducted,

focusing on exploring discussions in the existing literature on ethical issues related

to the application of ML-driven technologies in suicidality detection.

The methodology for this survey followed the same approach used in previous sur-

veys conducted as part of this thesis. Search strings were formulated by combin-

ing keywordsSuicidal Ideation, Machine Learning, Ethical consideration, regulation

along with their synonyms, using Boolean operators (OR, AND) to improve search

precision. These search strings were applied across �ve digital libraries, i.e., IEEE

Xplore127, Science Direct128, ACM129, Scopus130, and PubMed131, resulting in the

retrieval of 2,438 articles. Using the systematic review management tool Rayyan132,

264 duplicate articles were identi�ed and removed, leaving 2,174 articles for abstract

screening based on inclusion and exclusion criteria.

Studies that included discussions on ethical issues related to the application of ML

in suicide-related research were considered for inclusion in this review. In contrast

to earlier surveys in this research, other systematic reviews speci�cally examining

ML applications in suicidality-detection-related studies were included in this survey.

127https://www.ieee.org/
128https://www.sciencedirect.com/
129https://dl.acm.org/
130https://www.scopus.com/
131https://pubmed.ncbi.nlm.nih.gov/
132https://rayyan.ai/
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These reviews were included because they not only summarize existing ML ap-

proaches but also o�er useful perspectives on practical deployment challenges and

the real-world implications of applying ML models in sensitive contexts, thereby

supporting the primary objective of this review.

Non-English papers were excluded to maintain consistency in data analysis and avoid

potential translation inaccuracies. Workshop or conference summaries were also

excluded because they typically lack extensive methodological detail. In addition,

studies whose full text could not be accessed were excluded, as the evaluation of their

methods and ethical discussions was not possible. Papers that failed to provide

a substantial discussion of ethical dimensions in ML, whether by o�ering only a

brief mention or by omitting the subject entirely, were similarly excluded. Finally,

works that did not focus on the detection of suicidal ideation were excluded, and

works that neither employed nor examined ML methodologies were also removed, to

maintain a focused examination of the ethical implications of ML in the detection

of suicidality.

After screening abstracts, 2,080 articles were excluded, resulting in 94 being se-

lected for full-text review. Following the �nal eligibility assessment, 47 articles were

determined to be suitable for inclusion in the survey.

In addition to the survey described above, this chapter investigated the ways and ex-

tent to which previous empirical studies in the �eld address ethical considerations. In

total, 85 empirical studies were analyzed from the published systematic survey (Xu

2022) and from another systematic survey that examined ML methods for detecting

suicidal ideation that used Reddit datasets. The latter survey was conducted across

three digital libraries, i.e., ACM133, IEEE Xplore134, and Science Direct135. Articles

were retrieved using search strings developed with the keywordsSuicidal Ideation

and its synonymous,Machine Learning, and Reddit combined with Boolean opera-

tors (OR, AND). This search retrieved 1,832 articles. Using the Rayyan136 tool, 28

duplicate articles were identi�ed and removed, leaving 1,803 articles for screening

based on prede�ned inclusion137 and exclusion138 criteria.

133https://dl.acm.org/
134https://www.ieee.org/
135https://www.sciencedirect.com/
136https://rayyan.ai/
137Studies proposing ML methods for identifying suicidal ideation based on Reddit posts were

included in this survey.
138The exclusion criteria eliminated studies that fell into one of the following categories: (1)

derivative research papers; (2) non-English research papers; (3) short research papers (fewer than
four pages); (4) editorials or commentaries; (5) workshop or conference descriptions; (6) papers
without access; (7) papers not using Reddit data; (8) papers not employing any ML approaches for
detecting suicidal ideation; (9) studies focusing on the association between online behaviours and
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3.7 Summary

This chapter has detailed the approaches used within the methodological frame-

work of this thesis that incorporates three perspectives, i.e., humanities and social

sciences, digital technology, and interdisciplinarity, and explained the rationale be-

hind their selection.

This thesis is guided by the main research question:

How can our understanding of human grief be employed to train Machine

Learning (ML) models to automatically detect suicidal ideation among

bereaved users in the online environment?

Reddit was identi�ed as the most suitable platform for identifying bereaved indi-

viduals who may also be experiencing suicidal ideation. It was, therefore, used as

the primary data source for this research. Data was extracted employing the R

package RedditExtractoR, along with the CG-related search terms and the suicide-

related search terms derived from prior studies, from suicide- and bereavement-

related subreddits. Additionally, data was collected from control subreddits to serve

as a negative class for the classi�cation task. In total, two rounds of data collection

were conducted in this thesis. The search terms used for the second round were

expanded following a preliminary analysis of high-frequency phrases identi�ed in

posts collected during the �rst round.

After collecting the data, an annotation guideline was developed based on well-

established criteria for assessing suicidality and the diagnostic requirements of PGD

outlined in the ICD-11. The guideline was re�ned through �ve iterations to ensure

clarity, reliability and feasibility. A student annotator, referred to as Annotator Z,

was selected based on speci�c criteria: possession of a Bachelor of Science degree in

Psychology, no personal history of mental illness, and no current grief-related expe-

riences. Annotator Z received thorough training to conduct the annotation tasks.

Two metrics, Jaccard Similarity and label-speci�c Cohen's Kappa, were used to as-

sess IRR between Annotator Z and the primary researcher. Satisfactory agreement

levels were achieved, with the detailed results summarized in Table 3.13.

To approach the main research question from a humanities perspective, a thematic

analysis was conducted following Braun and Clarke (2006)'s six-step framework, en-

suring that sensitive human experiences and complex emotional states were analyzed

within context rather than being treated as simplistic labels or purely statistical pat-

terns.

suicidal ideation (e.g., cyberbullying or Internet addiction); (10) papers not specifying the source
of their data; or (11) papers not providing details about the dataset (e.g., the size of the dataset).
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To address the main research question from a digital technology perspective, the

feasibility of applying ML models to detect suicidal ideation in bereaved users was

investigated. The annotated posts were pre-processed using Python libraries. The

pre-processing involved several stages, including text cleaning, tokenization, and

lemmatization. Once the data was preprocessed, features were extracted. NLP

techniques including LIWC, POS Tagging, TF-IDF, and N-gram were employed.

These features were then used as input for six supervised ML classi�ers, i.e, SVM,

DT, LR, NB, RF, and XGBoost. The models were trained using 10-fold cross-

validation to optimize data usage and avoid over�tting. Model performance was

evaluated using Accuracy, Precision, Recall, and F1-score.

To explore the main research question through an interdisciplinary lens, two sys-

tematic surveys were conducted to identify ethical considerations encountered by

researchers during the development or implementation of these technologies and to

examine how prior empirical studies on suicidal ideation detection disclose ethically

informed practices.

Chapter 4 begins the primary analysis. It focuses on exploring the subjective expe-

riences of bereaved Reddit users with suicidal ideation, identifying recurring themes

in their narratives, and contributing to understanding the processes through which

suicidal thoughts develop among bereaved individuals.



Chapter 4

Voices of the Bereaved

4.1 Introduction

This chapter presents a qualitative study from a humanities perspective that employs

a thematic analysis approach (Braun and Clarke 2006). It explores and depicts the

subjective experiences of Reddit users who are bereaved and experiencing suicidal

ideation.

Investigating the suicidal thoughts of bereaved individuals is important for under-

standing this particularly vulnerable group that exists at the intersection of grief and

suicide. Grief is a well-documented risk factor for mental health challenges (Stroebe

et al. 2007; Shear and Skritskaya 2012; Guldin et al. 2017). When individuals lose a

loved one, they experience grief, which can sometimes intensify and lead to thoughts

of suicide (Prigerson et al. 1999; Mitchell et al. 2005; Stroebe et al. 2005; Guldin et

al. 2017; Sandler et al. 2021). This vulnerability makes them a high-risk population

that requires speci�c attention in order to prevent tragic outcomes and promote bet-

ter mental health support. Social media platforms, particularly Reddit, provide a

unique opportunity to study this group. Bereaved individuals are turning to Reddit

to share their feelings anonymously, seek understanding, and connect with others

who have experienced similar losses (e.g., Li et al. 2024; Scheinfeld et al. 2024;

Doyle et al. 2024).

Despite this, few, if any, studies have focused speci�cally on suicidal ideation among

bereaved Reddit users (Chapter 2). Existing studies on online suicidal ideation1

and on the suicidal ideation of bereaved individuals in o�ine settings2 are predom-

inantly focused on quantitative approaches, obtaining the authentic narratives of

bereaved individuals who have personally experienced suicidal ideation remains a

task requiring further e�ort.

1e.g., Coppersmith et al. 2016; O'Dea et al. 2017; Grant et al. 2018; Sawhney et al. 2018; Luo
et al. 2019; Kim et al. 2022; Satya and Jindal 2022.

2e.g., Mitchell et al. 2005; Cerel and Roberts 2005; Santos et al. 2015; Guldin et al. 2017;
Pitman et al. 2020; Gra�adeli et al. 2021; Pitman et al. 2016; Ma et al. 2023; Drucker et al. 2025.

74
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This chapter, therefore, attempts to bridge this gap by addressing the following

research questions:

ˆ How do bereaved Reddit users experiencing suicidal ideation describe their sub-

jective experiences?

ˆ What key themes emerge from their narratives?

This chapter is structured as follows: Section 4.2 outlines the data sample analyzed,

and Section 4.3 details the step-by-step process of the thematic analysis. Section

4.4 introduces related theories of grief and suicide that inform the interpretation

of the �ndings, while Section 4.5 presents the thematic analysis results, providing

an overview of the key themes that emerged and illustrating each theme with rep-

resentative quotes. Section 4.6 discusses these �ndings within relevant theoretical

frameworks, and �nally, Section 4.7 concludes the chapter by summarizing the main

�ndings and acknowledging potential limitations.

4.2 Data Sample

The dataset analyzed in this chapter consisted of randomly selected 100 suicidal

posts published by unique Reddit users (See details in Chapter 3). Thematic analy-

sis is an in-depth and time-consuming approach requiring careful reading, systematic

coding, and interpretation of content to identify key themes. Given the limits of a

PhD project's timeline, analyzing the entire dataset collected by this thesis would

be impractical. Therefore, selecting a subset of 100 posts aligns with Brower et al.

(2019)'s criteria for Big Qualitative Data, a concept de�ned as large-scale qualitative

datasets typically involving at least 100 participants either through primary or sec-

ondary sources. This strategy ensures the workload remains manageable, enabling

a detailed exploration of each individual post.

These posts were written by bereaved individuals who shared their thoughts and ex-

periences and were sourced from the following Reddit subreddits: r/COVIDgrief3,

r/GriefSupport 4, r/SuicideBereavement5, r/SuicideWatch6, and r/widowers7. The

narratives were further enriched by including comments made by the original au-

thors on their own posts (tagged as \OP"). These comments provided additional

contextual details on their experiences. To maintain focus, comments from other

users were excluded from the analysis (Slemon et al. 2021).

3https://www.reddit.com/r/COVIDgrief/
4https://www.reddit.com/r/GriefSupport/
5https://www.reddit.com/r/SuicideBereavement/
6https://www.reddit.com/r/SuicideWatch
7https://www.reddit.com/r/widowers/
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Since Reddit does not collect personal information about its users, detailed de-

mographic characteristics of the users could not be collected, although some posts

included self-disclosed personal details. Based on these disclosures, the dataset an-

alyzed in this chapter includes individuals ranging from young adults in their late

teens to those in their early sixties. Furthermore, the relationships between the

bereaved users and the deceased, as revealed in the posts, include: immediate fam-

ily members (e.g., parents, siblings, children, spouses); close relatives (e.g., aunts,

uncles); romantic relationships (e.g., boyfriend, girlfriend, �anc�e, ex-partners); and

close connections (e.g., friends).

4.3 Themes Identi�cation

The thematic analysis was conducted following the procedure developed by Braun

and Clarke (2006; 2012; 2013). NVivo8, a qualitative analytic software, was

employed to manage and analyze the data systematically through the following

steps:

ˆ The �rst step involved reading the posts multiple times to become familiar with

the content. During this phase, initial observations of potential themes were

recorded. This close reading facilitated a preliminary understanding of how

Reddit users in the sample describe their subjective bereavement experiences

and suicidal ideation, while also considering which theoretical perspectives are

relevant to these expressions.

ˆ In the second step, each post was analyzed line by line using NVivo, with

relevant segments assigned themes that captured their core meaning. Depend-

ing on its content, each post could receive multiple themes. As the analysis

progressed, the themes were continually revisited and re�ned as new themes

emerged within the dataset. This process included renaming, rede�ning, split-

ting, and combining themes to better re
ect the expressions (Braun et al. 2019;

Slemon et al. 2021).

ˆ The third step consisted of two tasks: Once the initial analysis was complete,

the themes were reviewed to ensure they represented meaningful patterns, had

clear boundaries, and did not overlap (Attride-Stirling 2001). Next, the themes

were sorted, and all relevant themes were grouped into overarching categories

(Nowell et al. 2017). According to DeSantis and Ugarriza (2000), \A theme is

an abstract entity that brings meaning and identity to a recurrent experience

8https://lumivero.com/product/nvivo/
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and its variant manifestations. As such, a theme captures and uni�es the na-

ture or basis of the experience into a meaningful whole" (p.362). For example,

themes like \preparatory thoughts", \intent to act" and \re
ections on past

attempts" were combined under the category \Active Thoughts."

ˆ In the fourth step, the themes underwent a two-stage re�nement process. First,

all expression extracts for each theme were carefully reviewed to ensure coher-

ence and consistency (Nowell et al. 2017). Second, the validity of each theme

was assessed to determine whether it accurately re
ected the meanings present

throughout the dataset (ibid.). During this phase, themes that were too broad

or lacked su�cient data were either merged, re�ned, or discarded, while themes

with overly diverse expressions were split into more focused ones (ibid.).

ˆ Once the themes were re�ned, their scope and boundaries were further re-

viewed to clearly de�ne their essence. Each theme was given a concise and

descriptive name that captured its central concept. According to Braun and

Clarke (2006), these names should be punchy and immediately convey the core

idea of the theme to the reader. Detailed descriptions were then developed for

each theme, narrating the story each theme told (Nowell et al. 2017).

ˆ The �nal step involved synthesizing the analysis into a coherent narrative, in-

tegrating the themes with representative quotes from the dataset (King 2004;

Nowell et al. 2017). This approach provides readers with a lived portrayal

of the subjective experiences of bereaved individuals expressing their suicidal

struggles on Reddit, helping to clarify speci�c points of interpretation and

reinforcing the validity and merit of the analysis (ibid.). Due to the sensi-

tive nature of the topic, all quotes were rephrased and anonymized by alter-

ing words, modifying sentence structures, and removing identi�able details to

prevent traceability via search engines and protect the identities of the Reddit

users who posted them (Sugiura et al. 2017; Sawhney et al. 2021; Naseem et

al. 2023; Naseem et al. 2024; Zhang et al. 2024; Doyle et al. 2024).

4.4 Theoretical Frameworks

The �ndings were examined and interpreted in the context of relevant theoretical

frameworks on grief and suicidal ideation.

These frameworks can facilitate the understanding of users' emotions, behaviours,

and experiences by extending the analysis beyond surface-level observations. For

example, the suicidal bereaved user might share, \I've stopped texting my friends.

I don't want to burden them." Without theoretical grounding, this behaviour might
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simply be understood as social isolation resulting from social withdrawal. However,

through the lens of the Interpersonal Psychological Theory of Suicide (Joiner Jr

2005; Van Orden et al. 2010; De Beurs et al. 2019), which introduces the concept of

perceived burdensomeness, this narrative can be interpreted as a manifestation of

the individual's self-perception as a burden to others.

Without the guidance of theoretical frameworks, the analysis in this thesis might

risk focusing only on what is explicitly stated, limiting the scope of interpreta-

tion. Anchoring identi�ed themes within relevant theoretical frameworks, however,

enhances interpretative depth by bridging users' subjective experiences to psycho-

logical and sociological constructs. For example, recognizing social isolation as both

a result of grief and a potential trigger for suicidal ideation helps explain its re-

curring signi�cance across individuals. Applying this theoretical lens enables the

analysis to go beyond simply describing `what' users experience to exploring `why'

these experiences emerge.

4.4.1 Theoretical Foundations on Grief

As detailed in Chapter 2, grief is the \emotional, cognitive, functional, and be-

havioural responses to the event of loss" (Zisook and Shear 2009). Various theo-

retical frameworks have been developed to explain the processes that individuals

undergo when navigating these complex and often overwhelming experiences, each

contributing an understanding of how individuals process, adapt to, and eventually

integrate their loss.

Bowlby and Parkes's Four Stages of Grief

The notion that coping with loss follows a systematic journey through speci�c stages

of grief has been widely recognized and accepted by both clinicians and the general

public (Maciejewski et al. 2007). John Bowlby and Collin Murry Parkes were pio-

neers in proposing a stage theory of grief (ibid.). In the 1960s, Bowlby began pub-

lishing groundbreaking research on attachment theory (Bowlby 1969, 1973, 1980).

He argues that individuals form instinctive attachments throughout normal devel-

opment: initially between children and their caregivers, and later between adults

(Wortman and Boerner 2011). Attachment is de�ned as an emotional bond charac-

terized by a desire for closeness, a sense of security in the presence of the attachment

�gure, and distress or protest when separated (Stroebe and Archer 2013). When

these attachments are threatened, powerful emotional responses such as crying and

anger are activated (Wortman and Boerner 2011).
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Bowlby's attachment theory has provided a key foundation for understanding grief

and continues to in
uence this �eld (Worden 2015). Building on this framework,

Bowlby and Parkes (Bowlby and Parkes 1970; Bowlby 1980) introduced four stages

of grief, which trace the journey of grief following the loss of a loved one (Mallon

2008; Wortman and Boerner 2011; Worden 2015; Yang et al. 2023; Ince and Balon

2024):

ˆ In the �rst stage, the bereaved often experience shock and numbness. The

loss feels unreal, and individuals may struggle to accept the loss. This stage

re
ects an initial attempt to avoid confronting the departure of the attachment

�gure.

ˆ In the second stage, the bereaved experiences yearning and searching for the

deceased. This phase often includes waves of grief, anger, and protest. Individ-

uals may miss the deceased greatly and try to maintain a connection with their

loved ones through memories, photos, or personal belongings, but these e�orts

can lead to frustration and increased sorrow. Physical and emotional symp-

toms such as sobbing, sighing, anxiety, tension, irritability, loss of appetite,

and di�culty concentrating are common. The bereaved may even sense the

presence of the deceased, experience guilt over not having done enough, or

assign blame to themselves or others for the loss.

ˆ In the third stage, the bereaved individuals show signs of despair and disorga-

nization. This phase is marked by deep depression, hopelessness, and apathy.

Individuals may struggle with a sense of identity, asking questions such as

`Who am I now without the deceased loved one?' and `How can I move for-

ward?' It is during this stage that grief often feels most intense as the bereaved

acknowledge their new reality.

ˆ In the �nal stage, reorganization and recovery, the bereaved begin to adjust to

life without their loved ones. They gradually regain their sense of initiative and

independence, recalling positive memories of the deceased and �nding ways to

reinvest in the future.

K•ubler-Ross Five Stages of Grief

Building on the earlier work of Bowlby and Parkes on the stages of grief (Maciejewski

et al. 2007; Mallon 2008; Marks et al. 2018), K•ubler-Ross introduced one of the

most widely recognized �ve-stage model for understanding psychological responses

to death and loss in her seminal book,On Death and Dying(1969):
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ˆ The �rst stage in K•ubler-Ross's model is denial, often expressed as disbelief:

`Is this real? Did this really happen?' In the context of losing a loved one,

denial acts as an initial bu�er against the overwhelming reality of the loss.

Bereaved individuals may reject the reality of death, attributing it to a mistake

or dream. They might avoid discussing the loss or continue to act as though

the deceased is still present. While prolonged denial can hinder the grieving

process, a temporary period of denial is a normal and potentially protective

mechanism that allows individuals to begin processing their loss gradually.

ˆ The second stage is anger. According to K•ubler-Ross, \When the �rst stage of

denial cannot be maintained any longer, it is replaced by feelings of anger, rage,

envy, and resentment" (K•ubler-Ross 1969, p.50). In the context of grieving, the

anger of bereaved individuals may be generalized and undirected, manifesting

as a shorter temper or a loss of patience (Tyrrell et al. 2023). This anger

might target circumstances, caregivers, family members, or even the deceased

themselves for leaving. Bereaved individuals may also feel resentment toward

others who appear una�ected or continue with their normal lives. This stage

re
ects the struggle to make sense of the loss while navigating feelings of

helplessness.

ˆ Bargaining, the third stage, involves attempts to negotiate with a higher power

or fate in an e�ort to reverse or mitigate the loss (Tyrrell et al. 2023). Bereaved

individuals may re
ect on `what if' or `if only' scenarios, imagining ways the

death could have been prevented or re
ecting on how they might have behaved

di�erently. This stage may also involve making promises or commitments, such

as vowing to honour the deceased in speci�c ways or adopting behaviours they

believe might ease their pain or guilt. Bargaining often represents a deep

desire to regain control in a situation where control has been lost, o�ering a

temporary sense of agency amid the chaos of grief.

ˆ The fourth stage is depression. K•ubler-Ross (1969) divided the depression

stage into reactive depression and preparatory depression. The former in-

volves feelings of guilt or regret related to past actions, such as things left

unsaid or undone with the deceased. The latter re
ects the anticipation of

a future without the deceased loved one as individuals confront the enduring

absence of their presence. This stage is often accompanied by symptoms such

as fatigue, anhedonia, and withdrawal from social interactions. While painful,

preparatory depression is seen as a transitional phase before acceptance, help-

ing individuals emotionally prepare for the inevitable loss and move toward

eventual acceptance (K•ubler-Ross et al. 1972).
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ˆ Acceptance, the �nal stage, is characterized by the recognition of the loss as

a permanent reality. According to K•ubler-Ross (1969), with enough time and

\given some help in working through the previously described stages" (p.112),

bereaved individuals will approach death neither depressed nor angry. They

no longer struggle against the reality of the loss but begin to adapt to a new

way of living. Acceptance is often viewed as the ultimate goal of the grieving

process (Tyrrell et al. 2023).

Although there is often an expectation that individuals will progress through each

stage in sequence, K•ubler-Ross clari�ed that this was not her intention (Tyrrell et al.

2023). She acknowledged that people might experience the stages in di�erent ways

or not at all. The model, developed through interviews with terminally ill patients,

was intentionally personal and subjective and should not be interpreted as natural

law (ibid.).

Worden's Four Basic Tasks of Grieving

With more research conducted in this area, there is limited evidence to support the

view that the systematic stages of grief exist (Maciejewski et al. 2007; Wortman and

Boerner 2011).

J. William Worden introduced the concept of `grief work' (Worden 1991; Mallon

2008). He proposed that grieving is not a state but an active process involving spe-

ci�c tasks that a bereaved individual must accomplish (Zhumatii 2022). Continuing

Freud's grief work theory, which suggests that recovering from bereavement involves

confronting distressing reminders of the loss, withdrawing emotional investment in

the deceased, and forming a mental representation of the deceased that no longer

evokes overwhelming sadness (Balk 2016), Worden identi�ed four basic tasks of

grieving (Worden 2018; Mallon 2008; Worden 2015; Yousuf-Abramson 2021; Khos-

ravi 2021):

ˆ Task I: To accept the reality of the loss. The �rst task requires the bereaved

to confront the reality of the loss, both intellectually and emotionally. Accep-

tance often takes time and can be hindered by behaviours like denial, selective

forgetting, or \mummi�cation" (i.e., preserving the deceased's belongings as if

they are still alive and might return (So and Leung 2013)). Other complicating

factors include religious or spiritual hopes of reunion and \middle knowledge"9

(Weisman 1972).

9i.e., a paradoxical state in which individuals simultaneously maintain two opposing perspectives
about the inevitability of death: on the one hand, they may emotionally distance themselves
from the reality of their loss; on the other hand, they may address its practical implications by
undertaking preparations such as organizing funeral arrangements (Breitbart 2017).
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ˆ Task II: To process the pain of grief. \Not every death is equally painful, but

the pain must be acknowledged and processed." (Worden 2015, p.94). The

main challenge in this task lies in the tendency to suppress or avoid confronting

these feelings. Bereaved individuals can prevent this task through behaviours

such as using alcohol or drugs, idealizing the deceased, or avoiding reminders

of the deceased. Failure to adequately address and work through this pain

can lead to unresolved grief, which may resurface later in more problematic or

intensi�ed forms.

ˆ Task III: To adjust to an environment where the deceased is missing. Worden

identi�ed three types of adjustment (Worden 2015, p.94): internal adjustments

(i.e., how has the death a�ected the person's self-de�nition? This includes how

the death has challenged the person's sense of self-esteem and self-e�cacy),

external adjustments (i.e., what changes have the death brought that a�ect the

functioning of daily life?), and spiritual adjustments (i.e., how has the death

changed or shattered the person's basic assumptions about God and the world?

How has it a�ected his or her core beliefs and values?). The death can have

signi�cant emotional and �nancial consequences, often forcing the bereaved to

adopt an entirely new lifestyle. Some individuals may �nd themselves trapped

in old routines and patterns of existence, particularly after the loss of a spouse.

ˆ Task IV: To emotionally relocate and memorialize the deceased in a way that

one can move on with life. Unlike Freud's concept of `decathexis' (i.e., de-

tachment from the deceased), in this task, Worden (2015) emphasized the

importance of maintaining a healthy, ongoing connection with the lost loved

one. Rather than hindering healing, this continued bond helps the bereaved

integrate their loved one's memory into their life story. Successfully complet-

ing this task enables individuals to move through their grief without being

paralyzed by it, fostering emotional recovery and personal growth.

The ability to accomplish these tasks is in
uenced by six factors that shape the

grieving process (Worden 2018; Clarke 2021; Khosravi 2021). The relationship with

the deceased plays a signi�cant role. For example, those of adult children, widowers,

and brothers, may result in less intense grief compared to the severer impact often

experienced by parents (particularly mothers), widows, and sisters (Worden 2018;

Khosravi 2021).
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The quality of the bereaved individual's attachment to the deceased is the second

factor. The strength of the emotional bond with the deceased, unresolved con
icts,

feelings of ambivalence, the deceased's signi�cance to the bereaved individual's sense

of well-being, and pre-death dependencies, such as marital dependence, can all shape

the intensity of the grief response (Carr et al. 2000; Burke and Neimeyer 2013).

The manner of death constitutes the third factor. Sudden or traumatic losses may

leave individuals with unresolved questions (Pivar and Prigerson 2004), whereas

anticipated deaths also come with a di�erent set of challenges, such as anticipatory

grief (L�opez P�erez et al. 2025).

Past experiences with loss also contribute to how grief unfolds. Individuals who

have faced multiple losses may experience intensi�ed challenges, as unresolved grief

from previous losses can amplify the emotional burden of a new one. Additionally,

personality traits, such as resilience or the capacity to express and process emotions,

can either aid or hinder the mourning process. Recent studies have revealed that

grief reaction intensity increases under, for example, pre-existing mood and anxiety

disorders (Simon et al. 2005; Sung et al. 2011; Burke and Neimeyer 2013), pre-

existing trauma (particularly childhood trauma) (Vanderwerker et al. 2006; Ahn

et al. 2023), maladaptive personality characteristics (Peak et al. 2024), and avoidant

or insecure attachment style (Burke and Neimeyer 2013).

The �fth factor involves social mediators, with the presence or absence of a support-

ive social network strongly in
uencing the grieving process (Burke and Neimeyer

2013; Ul Huda et al. 2024). Meaningful connections o�er comfort and stability dur-

ing challenging times, while their absence can leave individuals feeling isolated and

overwhelmed. Concurrent stressors, such as �nancial di�culties, health issues, or

other life crises, can further complicate grieving (Rosenblatt and Karis 1993; Dem-

mer 2000), making it even more di�cult to fully address the tasks of grief.

When these factors interfere with progress through Worden's tasks of grief, the

grieving process may be hindered, increasing the risk of developing Prolonged Grief

Disorder (PGD). For example, failing to accept the reality of the loss can lead to

a persistent yearning for the deceased or acting as though their loved one remains

present. Similarly, suppressing or avoiding grief can allow distress to accumulate,

which often surfaces later as intense emotional pain that inhibits healing. Di�culty

adapting to the practical and emotional changes caused by the loss may lead to an

inability to maintain daily routines, while an inability to balance remembering the

deceased with moving forward may cause individuals to remain preoccupied with

their loss. All these challenges represent core manifestations of PGD (see Chapter

3).
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Bonanno and Kaltman's Four Fundamental Components of The Grieving

Process

Similarly, Bonanno and Kaltman (1999) identi�ed four fundamental components

that a�ect the grieving process, o�ering broader contextual and psychological factors

that shape how grief is approached and experienced:

ˆ The Context of the Loss: The grieving process is shaped by various contextual

factors, including age, gender, personality, quality of the relationship, income

level, type and expectedness of the loss, prior experiences with loss or de-

pression, perceived social support (Bonanno 1999) and cultural context. For

example, if a spouse's serious illness requires intensive caregiving, the even-

tual loss can relieve prolonged caregiving burdens, potentially leading to a

more stable emotional adjustment during bereavement (Bonanno et al. 2002).

Losses resulting from violent deaths (e.g., accidental death, suicide, or homi-

cide) are strongly associated with heightened PTSD symptoms and more se-

vere grief responses (Kaltman and Bonanno 2003). Research by Ball (1977)

indicates that younger widows (18{46) tend to experience more intense grief

compared to middle-aged (47{59) or older widows (60{73), regardless of the

mode of death. Evidence suggests that men are more likely than women to

su�er greater depression following the loss of a spouse (Stroebe and Stroebe

1983).

ˆ A Continuum of Subjective Meanings: The ability to �nd meaning in the loss

is another central component of the grieving process. Individuals who can

reinterpret their spouse's death within a meaningful framework tend to cope

better. Those with pre-existing beliefs that accept the inevitability of death

or view the world as fair and just are less likely to struggle with grief. In

contrast, those who view the world as unjust or meaningless may experience

prolonged grief, as the loss reinforces their negative worldview and exacerbates

their distress (Bonanno et al. 2002).

ˆ Changing Representations of the Lost Relationship: The grieving process also

involves changes in how the lost relationship is represented over time. From

the perspective of attachment theory (as mentioned inBowlby and Parkes's

Four Stages of Grief), transforming the pain of grief into an enduring con-

tinued bond serves an adaptive function, helping maintain identity, support

coping, and providing comfort during the transition to a new life (Bowlby

1980). However, empirical research by Bonanno et al. (1998) suggests that se-

vere initial grief reactions can undermine this process, leading to less favourable

perceptions of the relationship and increased ambivalence. This highlights the
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importance of a manageable level of grief for reorganizing and sustaining a

supportive bond with the deceased. When grief becomes overwhelming, in-

dividuals may feel driven to devalue or diminish the importance of the lost

relationship, possibly as a means of coping with the intensity of attachment

pain.

ˆ Coping and Emotion Regulation: Coping resources (Bonanno et al. 2002) and

emotion regulation play an important role in grief-related health and well-

being. For example, emotions such as anger and sadness are common during

the grieving process and serve distinct coping functions. Anger often exter-

nalizes blame, mobilizes resources, and helps discourage threats by signaling

a readiness to defend oneself, while sadness encourages re
ection, resigna-

tion, acceptance, and evokes sympathy and support from others (Izard 1977,

1993; Lazarus 1991; Stearns 1993). In addition, positive emotions, particu-

larly laughter, have been shown to o�er signi�cant emotional bene�ts during

the grieving process. Previous research shows that widowed individuals who

expressed genuine laughter while re
ecting on their deceased spouse reported

better emotional adjustment compared to those who did not laugh (Keltner

and Bonanno 1997). Personality traits and social resources also contribute

to coping e�cacy. Low Neuroticism is considered an interpersonal coping re-

source that helps bu�er individuals from the destabilizing e�ects of spouse loss

(Stroebe and Stroebe 1987, 1993; Vachon et al. 1982). Other traits, such as

Conscientiousness, Agreeableness, Openness to Experience, introspection, and

a strong sense of con�dence in coping, may also act as protective factors dur-

ing the grieving process (Lund et al. 1986). Moreover, religious involvement

could be a valuable coping resource, fostering resilience by o�ering a stable and

shared belief system while also providing social support and a sense of belong-

ing within the religious community (McIntosh et al. 1993; Nolen-Hoeksema

and Larson 1999; Shuchter and Zisook 1993; Stroebe and Stroebe 1993).

4.4.2 Theoretical Perspectives of Suicide

Grief theories o�er perspectives on the emotional and psychological processes in-

volved in coping with loss, which can sometimes intensify into suicidal ideation10.

Complementing this, the theoretical foundations of suicide explore the speci�c fac-

tors that lead individuals to develop suicidal ideation in response to overwhelm-

10e.g., Rosengard and Folkman 1997; Stroebe et al. 2005; Mitchell et al. 2005; Santos et al.
2015; Pitman et al. 2016; Guldin et al. 2017; Molina et al. 2019; K~olves et al. 2019; Peteet et al.
2010.
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ing distress, thereby clarifying the connections between grief and suicidal be-

haviour.

Durkheim's Theory of Suicide

The sociological exploration of suicide originates from�Emile Durkheim's empirical

analysis presented inSuicide: A study in sociology(1897), which remains one of the

discipline's most signi�cant contributions to suicidology (Joiner Jr 2005). Central to

Durkheim's theory is the idea that while suicide appears to be an individual act, its

causes often lie within the broader social structures where the forces of integration

and regulation intersect (Zhang 2019).

Durkheim conceptualized these forces into two domains: social integration and moral

regulation. Social integration refers to the extent to which individuals feel connected

to or accepted by their community or society. High levels of integration create feel-

ings of belonging and acceptance, which typically lowers the risk of suicide. Con-

versely, individuals with low levels of integration, who feel excluded or rejected, are

at greater risk (Stanley et al. 2016; Zhang 2019). For example, Durkheim observed

that individuals who are single, divorced, or never married often lack social con-

nections and may feel isolated from the broader community, contributing to higher

suicide rates. Similarly, Protestants were found to have higher suicide rates com-

pared to Catholics or Jews, as the latter two religious groups emphasized the devel-

opment of closer ties among their members. Men are also at greater risk of suicide

than women globally. According to Durkheim, this di�erence may arise from men's

greater independence and social freedom, which can hinder the development of close,

supportive relationships. Additionally, many men may perceive seeking advice or

emotional support as a sign of weakness, further isolating them and intensifying

feelings of disconnection from their social groups or communities. To summarize,

individuals who fail to form close relationships or experience a sense of belonging,

and those who feel burdensome to others, are at greater risk of suicide (Joiner Jr

2005).

Moral regulation, on the other hand, refers to the degree to which societal norms

and rules in
uence individuals (Stanley et al. 2016). Clear and consistent norms

help individuals navigate life with a sense of predictability and direction, which can

lower their vulnerability to despair. Conversely, when societal norms are weak or

inconsistent, individuals may experience confusion and uncertainty, increasing their

risk of disconnection and hopelessness.
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Building on these concepts, Durkheim identi�ed four types of suicide that arise from

extremes in either social integration or moral regulation (Stanley et al. 2016; Zhang

2019):

ˆ Egoistic suicide results from insu�cient social integration, such as when an

individual lacks social bonds with family or friends;

ˆ Altruistic suicide, in contrast, occurs when integration is excessively high,

leading individuals to believe that their death serves as a societal contribution;

ˆ Anomic suicide results from inadequate moral regulation, often during periods

of signi�cant social disruption, such as a global pandemic, when established

routines, roles, and expectations are disrupted, leaving individuals uncertain

about their place in society and future stability;

ˆ Fatalistic suicide, at the opposite end of anomic suicide, arises from excessive

control and oppressive discipline. This type of suicide is often associated with

environments where individuals face harsh and rigid restrictions, such as those

experienced by slaves and prisoners.

Among these four types of suicide, egoistic and anomic suicide is particularly relevant

for understanding suicide among bereaved individuals.

Bereavement often causes a signi�cant disruption in an individual's social integra-

tion, leading to feelings of isolation and detachment from their community or social

network. This aligns with the concept of egoistic suicide. For example, the loss

of a spouse may leave the bereaved feeling unsupported and isolated, as they may

no longer participate in shared activities or community events. A widower who

previously relied on their spouse for emotional support and companionship might

withdraw from social interactions, increasing their risk of suicide.

Durkheim's concept of anomic suicide is also relevant in the context of bereavement,

as the death of a loved one can disrupt established roles and societal expectations,

leaving individuals without a clear sense of direction or purpose. For instance, a

newly widowed individual may struggle to adjust to the responsibilities of managing

�nances or household tasks previously handled by their partner, creating a sense of

chaos and instability. Similarly, a parent who loses a child might face an identity

crisis, questioning their role and purpose as a caregiver.

The Hopelessness Theory of Suicide

As suggested by its name, the Hopelessness Theory of Suicide centres on the idea

that the absence of hope is a cognitive factor closely linked to the risk of suicide

(Abramson et al. 1989, 2000; Klonsky et al. 2012). Evidence from previous research
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demonstrates that assessing hopelessness is an e�ective way to identify individuals

at greater risk of developing suicidal thoughts and behaviours (e.g., Beck et al. 1989;

Brown et al. 2000; Kuo et al. 2004; Forman et al. 2004). In particular, hopelessness

may be a more accurate predictor of suicidal ideation among adults than depression

(Beck et al. 1985, 1990; Stanley et al. 2016).

Hopelessness is a complex, multifaceted concept whose de�nition has evolved

through various theoretical perspectives over time (Marchetti et al. 2023):

ˆ Stotland (1969) described it as \a system of negative expectations concerning

oneself and one's future life.";

ˆ Melges and Bowlby (1969) suggested it re
ects \a person's estimate of the

probability of achieving certain goals.";

ˆ Beck et al. (1974) de�ned hopelessness as \a system of cognitive schemas whose

common denominator is negative expectations about the future.";

ˆ Abramson et al. (1989) further characterized it as the expectation that \highly

desired outcomes will not occur or that highly aversive outcomes will occur,"

coupled with the belief that no action within one's ability can in
uence the

likelihood of these outcomes.

Together, these perspectives identify three core elements of hopelessness (Marchetti

et al. 2023): negative expectations about the future (Beck et al. 1974; Abramson

et al. 1989), disrupted goal-oriented processes (Melges and Bowlby 1969; Abramson

et al. 1989), and a sense of helplessness (Abramson et al. 1989).

The Hopelessness Theory of Suicide provides a framework for understanding the

heightened suicide risk among bereaved individuals, as the emotional and cognitive

challenges of grief often mirror the key components of hopelessness.

Baumeister's Escape Theory

Jean Baechler's rationalist perspective on suicide, which interprets it as a problem-

solving mechanism (Baechler 1980), represents an important step in understanding

suicide as an act of escape, but this viewpoint is regarded as incomplete (Y•oyen and

Kele�s 2024). Expanding on Baechler's foundation, Baumeister (1990) conceptualizes

suicide as the �nal act of escaping both one's inner self and the external world.
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Baumeister (1990) outlines six stages in the processes leading to suicidal behaviour

(Baumeister 1990; Stanley et al. 2016; Y•oyen and Kele�s 2024):

ˆ In the �rst stage, individuals, in
uenced by unrealistic expectations or recent

stressful life events, view themselves as failing to meet personal or external

standards, feeling that their current circumstances do not meet their expecta-

tions;

ˆ The second stage is characterized by negative internal attributions, where

individuals blame themselves for their circumstances. This results in feelings

of worthlessness and a sense of rejection, which are commonly observed in

those who attempt suicide;

ˆ In the third stage, individuals develop an intensi�ed sense of negative self-

awareness, viewing themselves as inadequate, unloved, or guilty for failing to

achieve their goals;

ˆ The fourth stage brings about negative emotional states, such as anxiety and

depression, due to persistent negative self-awareness of not meeting important

standards;

ˆ In the �fth stage, as these negative emotions intensify, individuals seek to

escape their distress by rejecting and avoiding meaningful thoughts. This stage

is characterized by three elements: a narrowed focus on the present moment,

an orientation toward short-term goals, and a preoccupation with immediate

emotions and actions.

ˆ Finally, the sixth stage involves four outcomes that lead individuals toward

suicide: (1) the breakdown of internal barriers that typically prevent suicidal

behaviour; (2) a sense of helplessness and passivity due to an inability to

resolve their problems; (3) emotional suppression that creates an arti�cial

sense of detachment; and (4) irrational thoughts, such as negative attitudes

and in
exible thinking patterns.

According to this theory, suicide is an attempt to escape overwhelming self-awareness

and negative emotions. When individuals are bereaved, they often experience height-

ened self-awareness and intense negative feelings, such as self-blame arising from

irrational thoughts (e.g., believing they should have prevented their loved one's

death). Therefore, this theory helps explain why some bereaved individuals might

view suicide as a means of relief.
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Shneidman's Theory of Psychache

Edwin S. Shneidman is regarded as a father of contemporary suicidology (Leenaars

2010). He proposed a theory of suicide centred on the concept of \psychache,"

which he identi�ed as the core driver of suicidal thoughts and behaviours (Shneid-

man 1987; Van Orden et al. 2010; Stanley et al. 2016). Psychache, de�ned as psy-

chological pain, encompasses intense emotional su�ering characterized by feelings

such as shame, guilt, anger, apathy, fear, anxiety, hopelessness, and/or loneliness

(Shneidman 1993; Stanley et al. 2016; Y•oyen and Kele�s 2024), some of which are

also observed in individuals with PGD as described in the ICD-11 (See Chapter

3). According to Shneidman, psychache arises when an individual's psychological

needs are thwarted, and the likelihood of suicide increases when this pain becomes

intolerable (Shneidman 1985; Van Orden et al. 2010; Leenaars 2010; Stanley et al.

2016; Y•oyen and Kele�s 2024).

Shneidman outlined ten features commonly associated with suicidal behaviour

(Leenaars 2010, p.9), emphasizing that while these factors alone may not be in-

herently dangerous, their combined e�ect can signi�cantly increase the risk of sui-

cide:

ˆ The common purpose of suicide is to �nd a solution.

ˆ The common goal of suicide is to end the awareness of su�ering.

ˆ The common stimulus for suicidal actions is unbearable psychological pain.

ˆ The common stressor leading to suicide is frustrated psychological needs.

ˆ The common emotional state associated with suicide is hopelessness-

helplessness.

ˆ The common mental state in suicide is one of con
icting emotions, thoughts,

and desires.

ˆ The common perceptual state in suicide is a sense of feeling trapped.

ˆ The common action in suicide is an attempt to escape.

ˆ The common interpersonal act in suicide is expressing one's intention.

ˆ The common consistency in suicide is with lifelong coping patterns.

Shneidman's theory is particularly relevant to understanding the development of

suicidality in the grieving process. As mentioned earlier, grief often involves intense

emotional pain, which aligns with the concept of psychache. When these emotions

become overwhelming and appear inescapable, they can increase the risk of suicidal

ideation.
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Williams' Cry of Pain Model of Suicide

The Cry of Pain model of suicide (Williams 1997) builds on the Escape Theory

of Suicide (Baumeister 1990) and the concept of arrested 
ight (Gilbert and Allan

1998), which describes a state in which an animal experiences defeat but is unable

to escape, resulting in heightened distress.

Williams and Pollock (2000); Williams (2001); Williams and Pollock (2001) suggest

a similar mechanism in humans: when individuals perceive their attempts to solve

problems as ine�ective, they may feel powerless to change their circumstances. This

sense of failure can lead to hopelessness, where the individual believes the future

o�ers little opportunity for relief or rescue, increasing vulnerability to suicidal be-

haviour. They propose that suicidal behaviour is better understood not as a \cry for

help" but as a \cry of pain" (Rasmussen et al. 2010). This interpretation is similar

to Shneidman's theory of psychache discussed above.

According to this theoretical model, suicidal behaviour emerges in response to de-

feat or rejection, a sense of inescapable entrapment, and the perception of no rescue

(O'Connor 2003; Rasmussen et al. 2010). These situations can frequently emerge

in the context of bereavement, where individuals may experience a sense of power-

lessness to death and an inability to envision relief from the emotional pain of loss,

potentially developing suicidality, as suicide can be perceived as the only available

ways of escape.

Interpersonal Psychological Theory of Suicide

The Interpersonal Psychological Theory of Suicide is one of the most in
uential

frameworks in suicidology (De Beurs et al. 2019). Originally proposed by Joiner Jr

(2005) and later elaborated on by Van Orden et al. (2010), this theory identi�es

three key constructs central to suicidal behaviour: two related to suicidal ideation,

namely thwarted belongingness (\I am alone") and perceived burdensomeness (\I

am a burden"), and a third, the capacity to act on suicidal thoughts.

According to Van Orden et al. (2010), thwarted belongingness arises when an indi-

vidual's basic psychological need for connection is unmet, leading to impaired social

attachment (e.g., loneliness or loss of a spouse). This unmet need can result in

passive suicidal ideation, where the desire for suicide begins to form. This construct

has two dimensions: loneliness and reciprocal care.

Loneliness, a key factor in thwarted belongingness, is associated with several ob-

servable risks for lethal suicide attempts, including (Van Orden et al. 2010; Y•oyen

and Kele�s 2024):
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ˆ Self-reported loneliness: When individuals explicitly express feelings of isola-

tion.

ˆ Pulling-together e�ects: Positive collective experiences that reduce loneliness

but may be absent in at-risk individuals.

ˆ Caring letters interventions: Interventions designed to increase social connec-

tion through ongoing communication.

ˆ Seasonal variation: Reduced social interactions during speci�c times increase

feelings of loneliness, which are associated with peaks in suicidal behaviour.

ˆ Social support systems: Being married, having children, and maintaining

friendships can reduce loneliness, whereas living alone, experiencing low so-

cial support, and having a disrupted family structure, such as being separated

from one or both parents, are risk factors for increased loneliness.

The second component of thwarted belongingness is the absence of reciprocally car-

ing relationships, where individuals both feel cared for and actively provide care to

others (Van Orden et al. 2010). An individual lacking reciprocally caring relation-

ships might convey their experience by saying, \I don't provide support to others"

or \I have no one to rely on in times of need." Key observable risk factors related

to this dimension include social withdrawal, low openness to experience, residing

in a single jail cell, domestic violence, childhood abuse, and familial discord (ibid.,

p.582).

Perceived burdensomeness refers to the belief that one is a burden to family, friends,

or other loved ones. According to the Interpersonal Psychological Theory of Suicide

(Van Orden et al. 2010), it also comprises two dimensions of interpersonal func-

tioning the belief that one's 
aws make them a liability to others and emotionally

charged thoughts of self-hate. An individual experiencing perceived burdensomeness

may express the liability aspect with statements like, \I make things worse for the

people in my life," while self-hatred might be conveyed through expressions such as,

\I hate myself" or \I am useless" (ibid.).

The liability factor is believed to contribute to six observable risk factors associated

with lethal suicidal behaviour. These include: distress from unemployment, which

becomes signi�cant when the stress of being unemployed causes individuals to feel

like a burden to themselves or others; distress from incarceration; homelessness:

serious physical illnesses; and direct statements in suicide notes or verbal communi-

cations, such as \I am expendable," \I am unwanted," or \I am a burden to others"

(ibid.).
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Similarly, the dimension of self-hate is associated with three observable indicators

linked to lethal suicidal behaviour: low self-esteem, characterized by persistent feel-

ings of worthlessness or inadequacy; self-blame and shame, which is a tendency to

internalize guilt and perceive oneself as inherently 
awed; and mental agitation, a

state of increased distress and self-hatred that may manifest physiologically, re
ect-

ing extreme emotional anguish (ibid.).

Lastly, for an individual to die by suicide, they must overcome their inherent fear

of death. Fearlessness of death is understood as an acquired trait rather than an

innate one. Repeated exposure to physical pain or fear-inducing experiences allows

individuals to build the capacity for lethal self-injurious behaviour by raising their

pain tolerance and reducing their fear of death. According to the theory (Van Orden

et al. 2010; Y•oyen and Kele�s 2024), childhood maltreatment, past suicide attempts,

encounters or clustering with suicidal individuals, exposure to war, and impulsivity

are described as painful processes that contribute to a diminished sensitivity to

fear.

The Three-Step Theory of Suicide

Building on Joiner's (2005) framework, Klonsky and May (2015) introduced the

Three-Step Theory of Suicide, which presents a concise explanation based on four

key factors: pain, hopelessness, connectedness, and capability for suicide (Klonsky

et al. 2021):

ˆ Step 1: The combination of pain and hopelessness causes suicidal desire. Sui-

cidal ideation typically begins with the experience of pain (i.e., psychological

or emotional distress) arising from various sources, such as disruptions in re-

lationships, loss of job, psychological disorders, physical health conditions or

the bereavement focused on in this thesis. However, pain alone is not enough

to develop suicidal ideation, and hopelessness should be added to it. When

someone in severe pain loses hope that their situation will improve, they may

start to see suicide as a way to escape their su�ering. Supporting this, a

study by May and Klonsky (2013) on suicide motivations identi�ed pain and

hopelessness as the two leading causes behind suicide attempts.

ˆ Step 2: Suicidal desire intensi�es when pain exceeds or overwhelms connect-

edness, a broad concept that includes various relationships with close friends

or family, ties to the broader community, attachment to a job, the place one

lives, pets, a sports team, a valued identity or role, or any sense of purpose

or meaning. Connectedness can give life meaning and make it worth living,

even in the presence of persistent pain. When connectedness outweighs pain,
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suicidal thoughts remain mild or infrequent. However, when pain surpasses

connectedness, the desire for suicide intensi�es. According to Klonsky et al.

(2021), there are several ways in which this can occur. For example, indi-

viduals with limited social or emotional bonds are more vulnerable to intense

suicidal desire when experiencing both pain and hopelessness. In another sce-

nario, even those with strong connections may �nd that extremely intense

pain overwhelms their sense of connectedness. Severe psychological or phys-

ical distress can disrupt an individual's ability to engage with their existing

connections, making it di�cult or impossible for them to gain support or �nd

meaning from these sources.

ˆ Step 3: The transition from a strong suicidal desire to an actual suicide at-

tempt depends on an individual's capability for suicide. This concept was

introduced in the Interpersonal Psychological Theory of Suicide (Joiner Jr

2005). According to Joiner (2005), this capability can be acquired through

life experiences that reduce the fear of pain, self-harm, and death. Examples

include childhood abuse, previous suicide attempts, exposure to suicidal in-

dividuals, experiences of war, or impulsive behaviours. Klonsky et al. (2021)

further elaborate on this concept by identifying two additional contributors

to the capability for suicide: dispositional and practical contributors. Dispo-

sitional capability refers to inherent traits such as temperament, personality,

or genetic predispositions that reduce an individual's reluctance to experience

pain, injury, or death. For example, individuals with lower pain sensitivity

or less squeamishness about injury or blood may have an increased capability

for suicide. Practical capability involves access to and familiarity with lethal

means, which signi�cantly increase the risk of acting on suicidal thoughts. For

instance, a person with easy access to �rearms and knowledge of their use

is more likely to be able to turn suicidal thoughts into actions compared to

someone without such access.

Integrated Motivational-Volitional (IMV) Model of Suicide

The IMV model of suicidal behaviour (O'Connor and Kirtley 2018), similar to the

Interpersonal Psychological Theory of Suicide (Joiner Jr 2005) and the Three-Step

Theory of Suicide (Klonsky and May 2015), provides a theoretical perspective for

understanding the suicidal process within the ideation-to-action framework.
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This model explains the development of suicide in three stages: pre-motivational,

motivational, and volitional (Stanley et al. 2016; O'Connor and Kirtley 2018; Kir-

shenbaum et al. 2024; Y•oyen and Kele�s 2024):

The pre-motivational stage includes background factors that provide context for sui-

cidal thoughts and behaviours. These include diathesis, environmental in
uences,

and life events. Diathesis refers to inherent vulnerabilities that increase suicide risk,

such as biological, genetic, or cognitive predispositions, as well as individual per-

sonality traits. Environmental in
uences include socio-economic inequalities and

rapid societal changes that can lead to distress. Life events involve stressful ex-

periences, such as bereavement, that may occur at any point in life. Additionally,

factors like socially prescribed perfectionism also play a role in this stage. These

pre-motivational factors increase an individual's vulnerability to feelings of defeat

(i.e., a sense of being overcome or humiliated), which can subsequently lead to the

development of suicidal ideation.

The motivational stage focuses on psychological mechanisms that lead to the emer-

gence of suicidal ideation and intent. Consistent with Williams' cry of pain theory

(Williams 1997; Williams and Pollock 2000; Williams 2001; Williams and Pollock

2001), this model suggests that the development of suicidal ideation is closely as-

sociated with feelings of defeat or humiliation, particularly when combined with a

perceived inability to escape (i.e., a sense of entrapment). Entrapment can mani-

fest in two forms: internal, which involves a struggle with distressing thoughts and

emotions, and external, arising from the desire to escape from events or experiences

in the outside world. These feelings of entrapment often lead to agitation and are

distinct from hopelessness, which is characterized by a persistent belief that the

future holds no possibility of improvement.

The transition from frustration to entrapment is driven by self-oriented factors, such

as rumination, which intensify the individual's internal struggle. Once a sense of

being trapped develops, the transition to suicidal ideation is facilitated by motiva-

tional factors, such as feelings of thwarted belongingness or the belief that one is a

burden to others.

The volitional stage focuses on the factors that determine whether an individual

progresses from suicidal ideation to suicidal behaviour. Key factors include:

ˆ Acquired capability for suicide: Fearlessness about death and an increased tol-

erance for physical pain are key factors that increase the likelihood of suicidal

behaviour (Joiner Jr 2005).
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ˆ Exposure to self-harm: Suicidal behaviour of others can signi�cantly in
uence

an individual, increasing the likelihood of imitating a loved one's actions. This

exposure may also make suicide more prominent in their thoughts and easier

to consider, raising the risk of a suicide attempt during periods of stress.

ˆ Impulsivity: Individuals with speci�c and detailed plans for suicide are statis-

tically more likely to carry out these plans.

ˆ Past history of self-harm or suicide attempts: A prior history of self-harm or

suicide attempts signi�cantly increases the risk of recurrence. Furthermore,

individuals who perceive themselves as having full control over their suici-

dal behaviour are also more likely to act on their ideation when exposed to

triggering situations.

4.5 Findings

Thematic analysis of bereaved users' original posts and their subsequent responses

to comments identi�ed �fteen key themes within two classes: (1) narratives of suici-

dal ideation and (2) underlying factors triggering suicidal ideation among bereaved

individuals. The �rst class includes two themes identi�ed in the posts: (a) prepara-

tory thoughts, intent to act, and re
ections on past attempts, and (b) longing for

an end without active intent. The second class consists of thirteen themes that are

further organized into three subcategories: (a) intrapersonal factors, (b) contextual

factors, and (c) interpersonal factors. A summary of these themes is illustrated in

Figure 4.1. Each theme is discussed in detail in the following sections, along with

representative quotes from data samples in this chapter that have been anonymized

and rephrased to protect user privacy (See 4.3).

4.5.1 Narratives of suicidal ideation

When examining narratives of suicidal ideation, themes that occur include active

ideation, which encompasses preparatory thoughts, intent to act, and re
ections on

past experiences with suicide attempts, as well as the passive longing for an end

without a plan or direct intention to act.

Preparatory thoughts, intent to act, and re
ections on past attempts

A theme that emerged from posts in the data sample included direct expressions of

preparatory thoughts. In one example, the bereaved individual not only shared that

they had planned each step but also emphasized their concern for others, stating
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Figure 4.1 : Thematic framework of suicidal ideation among bereaved individuals
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that they had taken measures to ensure that the discovery of their actions would be

handled only by professionals. This deliberate preparation could further signify a

deep emotional struggle, as the overwhelming nature of their own pain drives them

to take measures to ensure that others do not experience the same su�ering.

Others describe their intent of acting as ranging from 
eeting moments to ongoing

struggles. For example, one bereaved individual admitted,

\At times, I have the impulse to end my life, but it fades quickly."

[Sample 019]

Meanwhile, some highlighted the persistent nature of their struggles, stating:

\Nearly every day, I think about ending my life," [Sample 004]

and

\For all these months, I had suicidal thoughts every single day." [Sample

013]

In addition, some individuals re
ected on recent suicide attempts, as seen in the

following narrative,

\I attempted to kill myself [...] I feel lost without her, overwhelmed by

grief, tears, and pain. I don't know what to do." [Sample 037]

Such narratives reveal the intense emotional turmoil following a loss and a sense of

uncertainty about the future, illustrating the ongoing vulnerability and emotional

pain that persist even after intervention.

Certain narratives highlighted previous suicide attempts that occurred prior to their

loss, suggesting a connection to their present ideation. For instance, one individual

disclosed,

\I was on the edge. The tragedy was prevented back then [...] but this

time, the darkness feels heavier than ever before." [Sample 063]

Earlier suicide attempts leave a lasting emotional and psychological impact, which

can interact with current struggles, compounding their pain. This interpretation is

supported by previous studies that have consistently demonstrated a strong rela-

tionship between past and future suicidal behaviours (e.g., Yoshimasu et al. 2008;

Finkelstein et al. 2015; Parra-Uribe et al. 2017).

Longing for an end without active intent

Beyond explicit acknowledgment of suicidality, the suicidal thoughts expressed in

this sample can manifest as a longing for an end, conveying passive resignation or
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hope that external circumstances might bring resolution without active intent or

concrete plans to end one's own life. For example, one user described their feelings

as:

\I do not want to kill myself, but I desperately wish for something beyond

my control [...]to take me [...] death just means something better for me."

[Sample 033]

This sense of resignation can be accompanied by feelings of purposelessness and an

inability to envision a meaningful future. In one post, the bereaved user emphasized,

\I feel like I'm trapped [...] I don't want to continue [...] Waking up each day feels

pointless, and I feel like I lost everything when I lost him." [Sample 048]

Another shared a similar feeling,

\I don't want to move on [...] I've been diagnosed with cancer and have

decided not to treat it [...] " [Sample 021]

These narratives highlight how resignation can lead to an avoidance of steps neces-

sary to save or maintain life (Beck et al. 1979).

Their refusal to \continue"/\move on" reveals an internalized belief that life has

lost its purpose. In the second example, the individual even took deliberate actions

to accelerate their death. Moreover, according to this individual, the development

of their disease is viewed not as a warning or call to change but as a con�rmation of

their `e�orts' to be dead. Such passive but intentional strategy further re
ects the

depth of their hopelessness and commitment to self-destruction.

For many, the passive belief that life is not worth living (Wastler et al. 2023) stems

from emotional pain deepens and the struggle to navigate it becomes overwhelming.

One user described this experience as:

\I struggle to �nd any reason to keep living when life feels like nothing

but endless pain." [Sample 043]

Similarly, others articulated how the pain becomes a pervasive physical and men-

tal burden that a�ects every aspect of their lives. In one of the instances, the

user described their pain metaphorically as an \infection," highlighting its intrusive

and pervasive nature, which leads to deep exhaustion and drains their strength to

continue.

This overwhelming burden fosters a longing for relief, with death often seen as a

potential way to end their su�ering, even without a concrete plan to take action.

One individual re
ected,
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\I want to die now [...] I don't have any plans to act on it, but the urge

to escape the pain and make it stop is overwhelming." [Sample 080]

Others expressed,

\It might be simple to escape the pain if you were dead." [Sample 025]

\The pain is endless, and the only escape would be if I were dead."

[Sample 055]

For individuals experiencing suicidal ideation, the desire is not always to end their

lives but to �nd a way to end the su�ering. As a result, their expressions of ideation

may lack speci�c plans or active intent.

This yearning for relief is further complicated by the desire to reunite with deceased

loved ones. For many, the thought of reunion brings a sense of hope and com-

fort, framing death not only as an escape from su�ering but also as a pathway to

connection and peace.

For instance, users stated,

\I deeply long to be with him and end it all," [Sample 011]

and

\I wish I could just go to sleep and never wake up, so I could be with

the one I loved." [Sample 042]

These declarations capture the overwhelming desire to �nd relief in reunion, even at

the cost of life itself. Similarly, the narrative \A part of me now hopes to develop

some kind of illness that could speed up the process of reuniting." [Sample 052]

illustrates a passive yearning for death, fueled by the hope of accelerating the process

of reconnection.

Other examples elaborate on this sentiment, expressing,

\I want all this to end so I can be with her again [...] the pain becomes

more overwhelming and unbearable. All I want is to fall asleep and

wake up by her side. I imagine getting [deadly diseases] as a way to

speed things up and reunite with her." [Sample 057]

\When I think about death, I imagine being reunited with him

on the other side. It feels comforting." [Sample 036]

Amidst these passive desires, a complex internal con
ict could arise. While individ-

uals yearn for relief, they may also feel a sense of responsibility to remain alive for

the sake of others. For example, one individual shared,
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\I won't kill myself because I can't bear the thought of how devastated

and angry others would be. But if something happened to me due to

[accidents], no one could hold me accountable for it." [Sample 023]

Others described the struggle of balancing their su�ering with familial obligations,

for example,

\I can't leave them behind, but if I were to have a [deadly disease], it

would simply be beyond my control." [Sample 041]

These narratives highlight the struggle between the desire to escape overwhelming

su�ering and the sense of moral or relational responsibility that keeps individuals

tied to life. Imagining death through natural causes provides a way to reconcile

these con
icting desires, o�ering comfort in the thought of relief without the burden

of direct action or guilt.

Religious and spiritual beliefs also play an important role in shaping passive expres-

sions of ideation. For example, one individual questioned whether accidental death

would be considered suicide in the eyes of God,

\I pray to God to take me away [...] if someone wishes for death and

dies in [accidents], does it count as suicide? Can they still be welcomed

into heaven?" [Sample 079]

Another expressed fear of punishment,

\I pray for death to come soon and desperately want to be with her,

but I am also scared of the repercussions because it is considered a sin."

[Sample 061]

Such accounts illustrate how religious frameworks shape the way individuals express

their su�ering, particularly for those whose faith regards suicide as unacceptable.

In these cases, passive expressions could become a way to cope with their su�ering

without violating their religious values (Simon 2014).

In general, preparatory thoughts, intent to act, and re
ections on past suicide at-

tempts indicate a strong and direct engagement with the idea of ending one's life.

At the same time, passive narratives reveal that bereaved individuals often view

death as a potential resolution or reconciliation. According to Simon (2014), when

a user reports passive suicidal ideation, active suicidal ideation is invariably present,

suggesting that passive expressions may act as a subtle gateway to more explicit

thoughts of action. These narratives demonstrate how grief reshapes individuals'

perceptions of life and death, emphasizing the complex and multifaceted ways in

which their su�ering is expressed.
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4.5.2 Underlying factors that trigger ideation among be-

reaved individuals

The thematic analysis also identi�ed thirteen key themes related to underlying fac-

tors that trigger suicidal ideation in bereaved individuals, which have been catego-

rized into intrapersonal, contextual, and interpersonal factors. The emergence of

suicidal thoughts among bereaved individuals can be driven by a con
uence of these

factors. Intrapersonal factors focus on the internal struggles faced by bereaved in-

dividuals, such as psychache, emotional 
uctuations and numbness, and traumatic

memories and intrusive thoughts. Contextual factors involve broader situational in-


uences, including pre-existing vulnerabilities, di�culties in adapting to life changes,

maladaptive coping strategies, functional impairment, the ongoing maintenance of

continuing bonds with the deceased, and the unresolved impact of lacking closure or

understanding surrounding the death. Interpersonal factors emphasize the role of so-

cial relationships in shaping the individual's mental state. This includes experiences

of social isolation and barriers to help-seeking.

The following sections detail these themes by referencing rephrased and anonymised

users' statements in the data samples of this chapter.

Intrapersonal factors

Psychache refers to a state of intense psychological pain associated with anguish,

despair, loneliness, feelings of guilt, panic, angst, and/or anger (Shneidman 1993,

1999; Bolger 1999; Orbach et al. 2003; Tossani 2013; Cavusoglu et al. 2020; Landi

et al. 2023; Chen et al. 2024).

For example, posts in the data sample expressed the experience of pain:

\My heart hurts so much more than I ever thought it could." [Sample

001]

\This pain feels unbearable." [Sample 022]

\I can't endure this pain any longer." [Sample 077]

\I'm overwhelmed with so much pain." [Sample 080]

These narratives convey the depth of emotional su�ering. In one post, a user com-

pared their pain to being helplessly thrown into a stormy ocean, overwhelmed by

relentless waves of grief and emotional turmoil. For some, the passage of time has

not eased their pain, as one individual re
ected,
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\It's been months, but it hurts just as much as the day it happened."

[Sample 021]

Others shared that the pain persists despite life progress or the emergence of some

signs of healing. For example,

\Though more than a year has passed, and I've made some progress

forward in my life, that pain, the grief still so recent." [Sample 029]

\Even though I've stopped [self-harming], the pain remains just

as intense." [Sample 095]

Users in the sample also described feeling trapped in an unending cycle of pain. The

uncertainty of whether the pain will ever truly fade, combined with the recurring

nature of anguish even after brief moments of relief, creates a sense of despair in

some individuals,

\It feels like the pain will never end, and it's ready to hit me at any

moment." [Sample 018]

\The pain doesn't go away. It just comes in waves, hitting me

over and over again." [Sample 027]

These re
ections reveal that grief is not a linear process, nor one that time alone

can heal.

In addition, the enduring nature of their pain fuels a growing skepticism about

the possibility of recovery, leaving them doubting whether life can ever truly move

forward. One noted,

\I've tried everything, and none of it works. Nothing. It's been months,

but it also feels like years or minutes." [Sample 074]

Another added,

\I can't see a way out." [Sample 093]

Users also experienced a sense of being stuck, where the grieving process feels endless

and hopeless,

\I feel so stuck sometimes. It's like I need to process what happened

over and over again just to feel as though I'm making even the smallest

step toward healing." [Sample 029]
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\It feels like I'm stuck in deep mud." [Sample 087]

Individuals shared their struggle with the often-heard reassurance that \it will get

better,"

\People keep telling me it will get better. But it never does [...] this

emptiness is something I can't imagine ever being cured." [Sample 016]

\I know the idea that `things will get better' is supposed to help,

but I don't believe it [...] I don't think I'll ever have it in me to try and

move forward." [Sample 031]

\They always say, `It will get better.' But when is that supposed

to happen? [...] Everything is only getting worse." [Sample 083]

This despair arises not only from the perceived impossibility of recovery but also

from a sense of losing direction in life. Some users expressed their struggle to envision

any meaningful path forward. For example,

\I have no direction, no will to do anything." [Sample 015]

\I have no reason to get up or to go sleep." [Sample 017]

\Losing her was losing my very reason for living [...] without her,

every decision, every plan is pointless." [Sample 051]

Others described this sense of hopelessness as feeling that the death of a loved one

often takes their future away with it, such as

\When she died, my future died with her." [Sample 057]

and

\I'm lost and unmotivated. He's gone, and my future is gone, too."

[Sample 022]

This despair is further deepened by the pervasive loneliness that accompanies grief.

One shared,

\There's nothing but this hopelessness and loneliness," [Sample 051]

This sense of loneliness, like the feelings of pain, also seems inescapable and unend-

ing. One individual re
ected,

\I'm truly alone, in a way I can never escape." [Sample 073]
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Even for those who are not technically isolated, this loneliness persists as the depth

of their grief is often misunderstood by others. The inability to share or have their

pain acknowledged creates a sense of deep loneliness, further intensifying their sense

of being cut o� from the world around them.

One bereaved individual shared their frustration and described how grief isolates

individuals not just through the loss itself but through the lack of understanding

and empathy from those around them,

\I'm exhausted from constantly trying to make them understand what

this feels like [...] I'm so tired of feeling this alone." [Sample 039]

Another user described the pain and loneliness of seeking support from family mem-

bers, only to be misunderstood and dismissed,

\I attempted to talk to them, hoping they'd understand, but instead,

they believed I was simply overreacting [...] I also reached out to my

other family members. But no one responded. I had never felt more

alone and broken." [Sample 070]

Even those who initially o�er support may fade away over time, further intensifying

feelings of loneliness, abandonment, and despair. As one person mentioned,

\They have moved forward and left me behind. The o�ers of support

are no longer there." [Sample 090]

Alongside the anguish, despair, and loneliness, guilt is also expressed by bereaved

users, manifesting in various forms, including internalized responsibility for the loss

and preoccupation with `what if' scenarios.

One individual shared,

\I carry so much guilt. I didn't save him, even though logically I un-

derstand it was the [deadly disease] that took him, not me." [Sample

068]

This tendency to assume fault for events beyond their control re
ects how grief can

distort reality, leaving the bereaved overwhelmed by a sense of personal failure.

Another echoed this feeling,

\I am full of guilt, and I know it will never go away [...] I don't know

how to continue living with that." [Sample 086]

This struggle to reconcile their inability to prevent the loss can, again, trap them in

a cycle of anguish.
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`What if' scenarios also appear in the expressions of bereaved individuals as they

imagine alternative actions or outcomes that might have saved their loved ones. For

example,

\I keep replaying scenarios in my mind [...] I'm stuck in the endless

`what ifs.' What if I could save you? What if I had done something

di�erently? What if it could have changed everything?" [Sample 034]

\If only I had [...] maybe you might still be here. If I had [...]

perhaps you wouldn't be dead." [Sample 085]

Individuals in the data sample also report experiencing anger, directed at themselves,

the deceased, or external circumstances. In one instance, user depicted their anger

intertwined with guilt and regret, creating an enduring emotional burden long after

the loss.

This anger may arise from feelings of injustice, as one person shared,

\I can't help but feel anger because he lived a healthy life, but to be

taken by the [deadly but can be curable disease]." [Sample 039]

Overwhelming and persistent panic and anxiety are also struggles mentioned by

bereaved individuals.

One person shared,

\When something reminds me of her, and I end up having a panic at-

tack." [Sample 072]

Others re
ected,

\It's been years. I feel panic almost every time his memory comes up,"

[Sample 062]

and

\I experienced several panic attacks last night." [Sample 009]

Some also mentioned that the fear of losing others in the future, intensi�ed by their

current grief, can further amplify anxiety and contribute to panic attacks. The

speci�c trigger would also lead to the episode, for example,

\Every time I hear [...] I feel anxious and experience 
ashbacks of what

happened." [Sample 044]

These emotional struggles can occur intertwined in the grieving process, creating a

complex and overwhelming psychache. One post in the data samples mentioned that
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the poster was overwhelmed by the mix of anxiety, guilt, confusion, fear, loneliness,

depression, and a sense of craziness.

Fluctuating emotional states are also mentioned by bereaved individuals in the data

samples. They described shifting emotions that 
uctuated between moments of

hope, 
eeting joy, despair, numbness, and panic.

For example,

\I feel okay sometimes, but sometimes it hits so hard" [Sample 096]

and

\I feel trapped between overwhelming panic and complete numbness."

[Sample 007]

One individual described their experience where hope is followed by overwhelming

despair,

\It feels like I'm making progress some days [...] But then there are

moments when it hits me overwhelmingly and unbearably, and all I want

is to close my eyes and never wake up." [Sample 018]

Others shared that positive experiences can trigger a backlash of intense grief once

the distraction is gone.

For instance,

\I enjoy the time with my friends, but when I come home, I break

down." [Sample 075]

\Today started out well [...] But then, everyone left, and it all

came crashing on me." [Sample 091]

As grief progresses, individuals in the data sample described transitioning from

intense emotional waves to a pervasive sense of numbness.

For example,

\I used to cry all the time, but now I feel numb." [Sample 022]

\I'm not sure what I feel anymore [...] I'm becoming more numb."

[Sample 005]

One described their numbness after the death of a loved one,

\Ever since his death, I've lost all empathy for anyone else's death [...] I

just feel numb." [Sample 046]

Another shared a similar experience years after their loss,
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\Years after losing her, I just don't care about everything." [Sample 077]

Traumatic memories and intrusive thoughts also occurred in the users' experiences,

often taking the form of vivid and distressing recollections of their loss.

For example, one individual shared,

\Every time I close my eyes, I'm haunted by the pain on his face and

the sound of his pleas." [Sample 053]

Other users shared the impact of witnessing death �rst-hand,

\It's absolutely traumatizing [...] It haunts me." [Sample 029]

and described how the memory of the deceased's body continued to intrude on their

daily life,

\I struggle to erase the image of [...] The night haunts me." [Sample

096]

The persistence of such thoughts, even during coping activities, was noted by another

bereaved individual.

There are also users who re
ect traumatic memories that have been manifested in

dreams. For example,

\I'm haunted by countless nightmares that endlessly replay the past.

I've witnessed his death in my dreams so many times." [Sample 075]

For these individuals, dreaming and sleep become another space where grief takes

over, potentially making the emotional pain of their loss feel further inescapable,

and the persistent replaying of traumatic memories in their dreams can make it

even harder to �nd recovery.

However, not all dreams experienced by the bereaved users in the sample carry

this intensity of trauma. For some bereaved individuals, dreams o�er moments of

comfort and could be a way to ful�l the longing for their deceased loved ones.

One person shared that in these dreams, they revisited treasured memories or imag-

ined their loved ones alive and happy,

\I wake up from a dream where he's happy and smiling. Those dreams

bring me comfort [...] It feels nice to be with him again." [Sample 019]

Another re
ected that dreams became a way to feel reunited with their loved

ones.
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Outside of dreams, their yearning for the deceased manifested as a desire for any

indication of their presence, with individuals even expressing a wish to be haunted

by the deceased.

Users also expressed their yearning for the deceased through desperate pleas.

One individual shared,

\I would sacri�ce anything for just one more moment with her." [Sample

016]

Another stated,

\I wish she could come back. I would do anything." [Sample 061]

Moreover, this intense longing is often accompanied by a persistent preoccupation

with the thoughts of the deceased,

\I can't get him out of my head. All day, my mind is �lled with every

tiny detail about him." [Sample 047]

This intense yearning can make it di�cult for individuals to process their loss and

move forward.

Another challenge that hinders their ability to move forward is the struggle to accept

the reality of their loss. Descriptions of disbelief that their loved one's death is real

appear in how individuals share their experiences.

For example, one individual shared,

\It has been months, yet it still feels unreal. It's so di�cult to accept

that she's really gone." [Sample 020]

Similarly, others expressed the di�culty of internalizing the truth of their loved one's

passing. For example,

\Although I logically understand it's true, my mind struggles to fully

process or acknowledge it as real." [Sample 047]

Contextual factors

In the sample posts, users referred to the disruption of functioning in their bereave-

ment. Challenges include an inability to engage in basic tasks like getting out of bed,

eating, remembering things, or communicating with others. Among these struggles,

sleep disturbances are often highlighted as a signi�cant and persistent issue.

For example, users shared,
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\It's become almost impossible to fall asleep." [Sample 002]

\I am struggling to get any sleep, and my hunger is completely

gone." [Sample 066]

Another user described their struggle with interrupted sleep, which was initially

caused by their pre-existing physical injury but became much more challenging

following the death of their loved one.

Users also emphasized the compounded impact of emotional distress and sleep dis-

turbances. For instance, one individual described their grief created a state of over-

whelming mental chaos that worsened their insomnia, together resulting in a sense of

losing track of time and exhaustion that makes even basic tasks feel impossible.

Sleep plays an important role in maintaining physical and mental health (Scott

et al. 2021; Harvey 2022; Orr et al. 2024). Previous research demonstrates a strong

correlation between sleep disturbances and suicidal behaviour, and it is considered

a predictive signal for suicidal thoughts and behaviours (Pigeon et al. 2012; Malik

et al. 2014; Cha•�b et al. 2020; Kearns et al. 2020; Geo�roy et al. 2021; Fernandes

et al. 2021; Hamilton et al. 2023). The expressions of sleep disturbances by bereaved

individuals with suicidal ideation in the data samples of this chapter are consistent

with these �ndings. In this context, sleep disturbances become both a manifestation

of grief and a potential factor for an individual's risk of suicidality.

Users in the data samples also identi�ed having pre-existing vulnerabilities that

heightened the intensity of their grief and further complicated their suicidal

thoughts. For example, one user mentioned their childhood trauma, highlighting

its persistent impact and illustrating how they `reawaken' during periods of in-

tense grief, amplifying the pain and creating additional barriers to processing the

grief.

Others noted how previous mental health conditions made coping with loss further

challenging,

\I've struggled with depression for quite a long time and have never

been able to fully overcome it. Now, it feels like there's no hope at all."

[Sample 086]

Previous losses also could make the grieving process even more di�cult. When an

individual has experienced multiple losses over time, the pain from earlier grief can

possibly heighten the risk of suicidality following a new loss,

\I've faced this darkness before [...] We lost them. The harsh reality

is that the only way to being with my family again seems to be death
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itself." [Sample 090]

Bereaved users in the data samples also mentioned `un�nished business' (Klingspon

et al. 2015). They expressed sorrow over plans and dreams that could no longer

be realized. Some noted missed opportunities to spend more time with their loved

ones, often feeling that the deceased was taken too soon, for example,

\I truly wish we had more years together instead of losing him so soon.

I just wanted more time." [Sample 006]

\I truly believed we had so much more time." [Sample 043]

Users also shared the anguish of missed opportunities to say goodbye to the deceased,

which left them with a sense of incompleteness and unresolved emotions. This lack

of closure prolonged and ampli�ed their grief, as they mentioned,

\I never had the chance to say goodbye, and this has had a huge impact

on me. Even after all this time, I still feel overwhelmed." [Sample 095]

\I didn't attend the funeral, and this has deepened my grief, making it

even harder to cope." [Sample 098]

In some cases, circumstances around the death, such as losing a loved one to suicide,

led to an especially intense sense of confusion and an unresolved need for closure.

One user described their con
icting emotions,

\I keep asking why." [Sample 047, loss of a loved one by suicide within

weeks of publishing this post.]

Others shared their frustration and devastation over the lack of any clear explana-

tion,

\I'm so confused [...] Why? I will never know." [Sample 024, loss of a

loved one by suicide within months of publishing this post.]

\There was no explanation left by her, and when I came back

home and found she [...] my entire world cracked." [Sample 028, loss of

a loved one by suicide within years of publishing this post.]

Moreover, maladaptive coping mechanisms appear in the grief experiences of some

users in the data samples. They described turning to substances, such as drugs, as

a way to numb the overwhelming pain of their loss. For one user, this reliance on

drugs escalated into criminal behaviour, further complicating their struggles. This

not only worsens their emotional and physical state but also introduces long-term

legal and social consequences. Others admitted to using alcohol as a way to recreate
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what they described as a \semblance of normalcy," but they acknowledged that any

relief it provided was 
eeting, often leaving them feeling worse once the e�ects wore

o�.

There were also examples of users who described experiences of maintaining an

ongoing connection with the deceased loved one. These connections can take many

forms (Klass et al. 1996). For some, it involved preserving tangible items that carried

memories of their loved ones, while others sought comfort in speci�c locations that

held meaning.

In the data samples of this chapter, there are posts expressing users' longing for

more tangible mementos to keep their loved one's memory alive. Others shared that

tangible items could provide a comforting sense of connection. Similarly, visiting the

grave or revisiting places with shared memories can also o�er a sense of closeness,

as one explained,

\I go to her grave every week since it's where I feel most connected to

her." [Sample 013]

Interpersonal factors

Social isolation refers to a situation where interpersonal connections and relation-

ships are disrupted or non-existent (Trout 1980). In the data samples of this chapter,

users shared their experiences of lack of interaction and the circumstances that con-

tributed to their isolation.

This isolation can arise from situations where meaningful relationships were ab-

sent.

One user stated,

\I've always kept to myself. He was the only friend I ever had, and now

he's gone." [Sample 036]

Another shared,

\No one seems to notice I guess it's because I don't have any friends

anymore." [Sample 093]

Others faced challenges maintaining social networks due to relocation.

For some users, the aftermath of loss drove them further into isolation,

\I isolated myself from everyone and relied on alcohol to cope." [Sample

006]
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Some described reaching a point of giving up on relationships altogether, which is

often in
uenced by strained family ties. The bereaved individuals can also believe

that their grief makes them a burden on others. This belief often led to isolation

and hesitation to seek help, driven by guilt, shame, and fear of rejection. One

individual acknowledged avoiding conversations due to the perceived harm they

could cause others. The sense of burden also emerges in the experiences of those

who felt abandoned in their grief,

\I don't wish to bother my friends with my own struggles. I'm completely

alone, with no one to turn to." [Sample 050]

The COVID-19 pandemic further intensi�ed the isolation experienced by many indi-

viduals. One post in the data samples detailed how the pandemic compounded their

grief by forcing them into an isolated state while they were already grieving.

Moreover, the pandemic introduced new barriers that made it even more di�cult

for already isolated bereaved individuals to access support systems. In fact, many

individuals in the data sample described barriers to accessing grief support resources,

including long wait times, limited availability, and a lack of local resources, especially

in rural areas.

One shared,

\I was told I might have to wait up to a week for an appointment."

[Sample 004]

Another re
ected,

\I haven't managed to successfully schedule a therapist appointment [...]

The wait times for psychiatrists are equally frustrating." [Sample 063]

Some bereaved users expressed frustration over the lack of meaningful progress de-

spite seeking support. One user noted,

\The relief from therapy is temporary, and I inevitably return to de-

spair." [Sample 040]

Others detailed their e�orts to �nd a solution, but based on their posts, nothing

appeared to help in their recovery from grief, for example,

\I've done everything I'm supposed to [...] but none of them helps."

[Sample 017]

\I've tried it all [...] Nothing works." [Sample 089]

There are also users who expressed a growing sense of futility, such as:
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\I've followed all the advice [...] but nothing works. I just keep getting

worse every day." [Sample 071]

In some cases, professional interventions were described as exacerbating their strug-

gles. One individual shared,

\I felt even more suicidal after calling [...] Therapy wasn't any better."

[Sample 036]

Similarly, one individual shared their dissatisfaction with suicide hotlines, stat-

ing,

\I �nd their support unhelpful and end up feeling worse." [File 086]

Another re
ected on their experience with support groups,

\I often end up leaving more annoyed and unsettled." [File 024]

Several bereaved individuals refused to turn to traditional support systems, either

due to skepticism of professionals or a preference for self-reliance. One individual

shared,

\I heard that support groups for people who have lost someone to suicide

are of no use." [File 059]

4.6 Discussion

This study o�ers an in-depth exploration of the subjective experiences of Reddit

users regarding suicidal thoughts and grief, illustrating how individuals perceive

and express their grief and how suicidal ideation intertwines with their emotional

responses. There are three clear patterns that can be identi�ed in the data samples

of this chapter, each of which can be discussed in speci�c detail.

4.6.1 The grief is not a linear process

The grief experienced by individuals in this data sample does not follow a struc-

tured progression through prede�ned stages of grief. Instead, their (grief) reactions

manifest as an oscillating process, where individuals revisit earlier emotions, such

as anguish, even after experiencing moments of relief. The �ndings from the Reddit

sample posts highlight that multiple emotional states, such as guilt, anger, numb-

ness, and anxiety, can occur simultaneously or 
uctuate rapidly: an individual might

shift from a state of numbness to overwhelming panic without clear boundaries be-

tween these states. This contradicts stage theories (such as Bowlby and Parkes's

Four Stages of Grief (Bowlby and Parkes 1970; Bowlby 1980)), which suggest that
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individuals progress through distinct emotional stages one at a time. Contextual

factors, such as pre-existing vulnerabilities and maladaptive coping mechanisms,

further demonstrate that grief is signi�cantly in
uenced by personal circumstances

and experiences. The erratic nature of grief, including its manifestations, intensity,

and course (Shear 2012), emphasizes its highly individualized nature, making a uni-

versal progression through �xed stages improbable. While stage models provide a

foundational understanding of grief, their focus on linear progression fails to cap-

ture the diverse and personal experiences of grieving described in these �ndings.

These observations align with K•ubler-Ross's clari�cation, as mentioned earlier in

this chapter, that people might experience the proposed stages (denial, anger, bar-

gaining, depression, and acceptance) in di�erent ways, in varying orders, or not at

all.

4.6.2 When the grief goes awry

Although grief is not a linear process, when viewed from a `birds-eye' perspective,

most bereaved individuals navigate along a path toward accepting the inevitabil-

ity of their loss, integrating its reality into their ongoing life, and re-envisioning a

future where joy is once again possible (Shear 2012). While many succeed in this

journey, some people's grief trajectories go awry, leading to more complex grieving

experiences.

Worden's four basic tasks of grieving (Worden 2018) o�ers a framework for under-

standing how individuals can normalize their grief reactions and move forward in life.

However, the �ndings of this research suggest that individuals in the data sample

have not fully accomplished these tasks.

Many explicitly acknowledge their struggles to accept the reality of the loss and

express a longing to reunite with the deceased (Khosravi 2021), directly highlighting

di�culties in completing the �rst task of grieving. Additionally, their description of

preoccupation with `what if' scenarios, as well as the experience of intrusive thoughts

and traumatic memories, could indicate a focus on the circumstances of the death,

which to some extent could hinder their ability to accept the loss.

The second task of grieving, processing the pain of grief (Worden 2018), also ap-

pears to remain incomplete for many individuals. Bonanno and Kaltman (1999)

emphasizes that emotion regulation plays an important role in maintaining mental

health and well-being during the grieving process. However, the narratives of be-

reaved individuals, as found on Reddit, point to potential challenges in this area.

Descriptions of waves of anguish, despair of feeling trapped in endless distress, anger,
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panic attacks, and 
uctuating emotional states suggest that many struggle to pro-

cess their grief e�ectively. These unregulated emotions leave individuals stuck in

cycles of distress, further hindering their progress toward emotional recovery.

Disruption in functioning also emerges as a clear indicator of challenges in com-

pleting the third task: adjusting to an environment where the deceased is missing

(Worden 2018). Self-reported di�culties in maintaining daily routines or ful�lling

responsibilities clearly and directly re
ect the struggles many bereaved individuals

face in adapting to the absence of the deceased in their daily lives.

According to Bonanno and Kaltman (1999), the grieving process is shaped by various

contextual factors, including age, gender, personality, the quality of the relationship

with the deceased, income level, the type and expectedness of the loss, and prior

experiences with loss or depression. While detailed demographic data for this sample

is unavailable, self-reported narratives suggest that many individuals experienced

sudden or traumatic losses. Such losses often leave individuals with unresolved

questions, intensifying the emotional challenges of grief (Kaltman and Bonanno

2003; Pivar and Prigerson 2004) and complicating their ability to process the reality

of the loss.

Pre-existing vulnerabilities, such as childhood trauma and prior experiences with

loss (as mentioned in Section 4.5.2) could further complicate their grieving process

(Vanderwerker et al. 2006; Worden 2018; Ahn et al. 2023). These vulnerabilities

may weaken individuals' emotional resilience, making it harder to cope with the

demands of grief and amplifying the emotional burden of a new loss (Worden 2018).

In addition, maladaptive coping mechanisms, such as reliance on alcohol or drugs

reported by some individuals, interfere with their ability to engage in healthy grief

processing (Khosravi 2021). These strategies not only have the potential to prolong

distress, but in severe cases, as discussed in Section 4.5.2, such as when they result

in social or legal consequences, they can signi�cantly disrupt and hinder the process

of rebuilding life.

Perceived social support, often considered a protective factor against the adverse

e�ects of grief (Bonanno and Kaltman 1999), is lacking for many bereaved indi-

viduals in this sample. Barriers to accessing professional assistance, experiences of

social isolation, and a sense of abandonment and being misunderstood by others, as

re
ected in their narratives, contribute to this perceived lack of support and further

compound their struggles to process grief and adapt to their loss.

Lastly, when considering their suicidal ideation, individuals' narratives about their

longing for the deceased (such as wishing to be haunted by them, making desperate

pleas for their presence, or persistently preoccupying themselves with thoughts of
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the deceased) along with descriptions of their yearning and attempts to establish

tangible or symbolic connections with the deceased, and expressions of their un�n-

ished business (such as unrealized plans and dreams), potentially indicate struggles

in accomplishing the fourth task: to �nd a way to \remember the deceased while

embarking on the rest of one's journey through life" (Worden 2018). Grief involves

a dynamic process of rede�ning and reorganizing the relationship with the deceased

over time (Bonanno and Kaltman 1999). While maintaining a connection to the

deceased can provide meaning and comfort (Bowlby 1980), it becomes problematic

in the context of intense grief, as it prevents individuals from adapting to life with-

out the deceased. Moreover, feelings of \un�nished" and \longing" keep individuals

emotionally anchored to the past, making it di�cult to form an adaptive represen-

tation of the relationship. These struggles ultimately hinder the progression of grief

trajectories toward acceptance and adaptation.

4.6.3 Pathways between grief and suicidal ideation

Based on the analysis of the data samples in this chapter, the pathways from grief

to suicidal ideation can be understood as a cumulative and interactive process

shaped by the complex interplay of intrapersonal, contextual, and interpersonal

factors.

Psychache as the central driver

Psychache experienced by bereaved individuals emerges as the central driver behind

suicidal ideation (Shneidman 1987; Van Orden et al. 2010; Stanley et al. 2016).

The �ndings of this chapter reveal that bereaved individuals commonly experience

unbearable emotional pain, which could manifest as a signi�cant mental and phys-

ical burden that disrupts their daily functioning. This pain can be intensi�ed by

traumatic memories, intrusive thoughts, and a deep longing for their deceased loved

ones. Such experiences keep their grief active, leave them preoccupied with thoughts

of the deceased, and consequently hinder emotional resolution. The yearning and

attempts to maintain an ongoing connection with the deceased, while o�ering mo-

ments of comfort, could act as constant painful reminders of their loss, potentially

amplifying their emotional su�ering. Additionally, guilt, a feeling expressed in the

narratives, emerges as another factor that deepens this pain, especially those stem-

ming from internally attributed failures, such as an inability to prevent loss. These

self-directed attributions heightened painful self-awareness (Baumeister 1990), trap-

ping individuals in a cycle of self-recrimination that ultimately magni�es their suf-

fering and further complicates their grieving process. As the struggle to cope with
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this overwhelming pain becomes increasingly unbearable, many bereaved individu-

als develop a desperate longing for relief, with death perceived as a potential way of

escaping their su�ering (Williams and Pollock 2000; Williams 2001; Williams and

Pollock 2001). For some, this yearning for relief is further intertwined with a desire

to reunite with their deceased loved ones. In these instances, death is not only seen

as an end to emotional pain but also as a hopeful pathway to reconnect with those

they have lost.

Hopelessness as the catalyst

Hopelessness acts as a key catalyst in the progression toward suicidal ideation

(Abramson et al. 1989, 2000; Klonsky et al. 2012). As shown in the �ndings, be-

reaved individuals often experience a sense of purposelessness and an inability to

envision a meaningful future following their loss. Many described feeling as though

their future had been taken away, along with the dreams and plans they had once

cherished. This overwhelming sense of despair could be further exacerbated by

feelings of being trapped in an endless cycle of pain and a perceived inability to

change their circumstances. Moreover, the emotional 
uctuations experienced by

many individuals, such as shifting between hope and despair, could also intensify

this sense of hopelessness. These emotional highs and lows could leave individuals

feeling powerless to escape their inner turmoil, reinforcing a sense of helplessness

and hopelessness. For others, the struggle to accept the loss could become another

source of intensi�ed despair. Without acceptance, the pain of the loss could be

relived repeatedly, strengthening the belief that their su�ering is unending. This in-

ability to reconcile with their reality further deepened their despair and heightened

their emotional vulnerability.

The increased vulnerability to suicidality

While psychache and hopelessness contribute signi�cantly to the development of

suicidal ideation, additional factors such as the intrapersonal struggle of loneliness,

the interpersonal experience of social isolation and barriers to accessing support, as

well as contextual pre-existing vulnerabilities and maladaptive coping mechanisms,

further amplify vulnerability.

In this study, users explicitly described an overwhelming and inescapable sense of

loneliness, even when surrounded by others. For many, this loneliness arises from a

lack of understanding or acknowledgment of their intense grief by those around them.

This lack of emotional connection left them unable to share their pain in a meaningful

way, which further intensi�ed their distress. Some users also share their experiences
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of social isolation due to external circumstances, such as relocation, or di�culties

in rebuilding relationships after their loss. These challenges in receiving support or

�nding meaning through social connections, when combined with their emotional

pain, could also deepen their sense of helplessness and hopelessness. Many users

reported that their intense pain of grief contributed to perceived burdensomeness.

This perception often led them to withdraw further from interactions. According

to Durkheim (1897) and Joiner Jr (2005), individuals who struggle to form close

relationships or experience a sense of belonging, and those who perceive themselves

as burdensome to others, are at an increased risk of suicide.

Users also described barriers they encountered to seeking or receiving support, which

further hindered their recovery process. These barriers included limited availabil-

ity of resources, perceptions that the support was ine�ective or counterproductive,

and a preference for self-reliance. As a result, many individuals were unable to ac-

cess the assistance needed to alleviate their distress, prolonging their su�ering and

complicating their path to recovery.

Lastly, contextual factors such as pre-existing vulnerabilities could diminish indi-

viduals' capacity to cope adaptively with their grief, increasing their susceptibility

to suicidal ideation (Joiner Jr 2005; Van Orden et al. 2010; Y•oyen and Kele�s 2024).

Furthermore, maladaptive coping mechanisms, such as reliance on alcohol or drugs,

further complicate their di�culties. These behaviours not only prevented individ-

uals from e�ectively processing their emotional pain but also hindered their ability

to seek help or engage in problem-solving. Consequently, suicide was more likely to

be perceived as the only viable solution to their su�ering.

Illustrating the journey

To summarize, using the framework of the Three-Step Theory of Suicide (Klonsky

and May 2015) and the IMV model of suicidal behaviour (O'Connor and Kirtley

2018), an example of the pathway from grief to suicidal ideation could progress as

follows:

Pre-motivational stage

The individual has pre-existing vulnerabilities, such as childhood trauma, or a prior

loss. Recently, they experienced the suicide of a close loved one.

Motivational stage

The individual begins to experience overwhelming psychache. They also feel re-

sponsible for the loss, struggle with their perceived failure to prevent the death, and



120 Chapter 4. Voices of the Bereaved

experience a strong longing for the deceased loved one. These feelings complicate

and intensify their grief, making it increasingly di�cult to process. This severe pain

disrupts their ability to maintain or engage with their existing social connections.

Believing that their intense grief makes them a burden to others, they actively with-

draw from interactions and isolate themselves. This isolation contributes to the

dynamic where emotional pain surpasses connectedness, further intensifying their

desire for suicide.

As time passes, the intense pain makes it di�cult for them to maintain their daily

functioning. At the same time, barriers to seeking professional help, such as long

wait times or limited availability of resources, exacerbate their sense of hopelessness

and helplessness. They begin to feel trapped in an endless cycle of pain, believing

their situation will never improve. At this stage, suicide may begin to appear as a

way to escape their su�ering.

Volitional stage

To numb their overwhelming pain, the individual may turn to heavy drinking or

drug use. These maladaptive coping mechanisms lower their natural resistance to

physical pain and injury, impairing their judgment and increasing their likelihood of

acting on suicidal thoughts. As a result, the risk of suicidal behaviour signi�cantly

escalates.

4.7 Summary

This chapter has examined the online expressions of bereaved users with suicidal

ideation using a thematic analysis approach following Braun and Clarke (2006)'s

six-step framework, focusing on their self-reported subjective experiences as shared

on Reddit and ensuring that sensitive human experiences and complex emotional

states were analyzed within context rather than being treated as simplistic labels or

purely statistical patterns.

Fifteen key themes within two classes, narratives of suicidal ideation and underly-

ing factors triggering suicidal ideation among bereaved individuals were identi�ed.

Collectively, these themes illustrate the trajectory from bereavement toward suici-

dal ideation. It can be understood as a cumulative and interactive process shaped

by the complex interplay of intrapersonal elements (such as psychache, intrusive

thoughts, and struggles with acceptance), contextual contributors (such as func-

tional impairment, preexisting vulnerabilities, and maladaptive coping strategies),

and interpersonal dynamics (such as social isolation and barriers to help-seeking).
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Among these, psychache experienced by bereaved individuals emerges as the central

driver behind suicidal ideation, hopelessness acts as a key catalyst in the progression

toward suicidal thoughts, and factors such as the intrapersonal struggle of loneliness,

the interpersonal experience of social isolation and barriers to accessing support, as

well as contextual pre-existing vulnerabilities and maladaptive coping mechanisms,

further amplify the vulnerability of suicidality among bereaved individuals.

Despite its contributions, the research reported in this chapter has several limitations

that should be acknowledged.

Firstly, it is important to note that the reliance on Reddit posts means that the

�ndings re
ect only those individuals who choose to express their grief and suicidal

ideation on this public online platform. This may exclude those who prefer to remain

private or use other platforms, thereby potentially introducing bias in understanding

the broader bereaved population.

Secondly, the study focused on identifying qualitative themes across di�erent users'

posts and did not examine multiple posts from the same individual. A more in-depth

analysis of individual users' posts over time could have added depth and further

contextualized the �ndings, providing a richer understanding of their experiences

and trajectories.

Thirdly, the study was limited to English-language posts, excluding perspectives

from non-English-speaking users, which may limit the generalizability of the �ndings

to a broader population. Future research should aim to include multilingual data

to capture a more comprehensive and diverse range of experiences.

Finally, the �ndings in this chapter were based on a randomly selected set of 100

Reddit posts. Although this thematic analysis with a comparatively smaller dataset

allowed for a detailed exploration of how suicidal and grieving expressions manifest

on Reddit, larger-scale analysis through the application of digital technologies might

yield more representative �ndings. The next chapter will, therefore, explore the

feasibility of applying ML models that integrate NLP techniques to detect suicidal

ideation in bereaved users.
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Human-Machine Collaboration

5.1 Introduction

From a digital technology perspective, this chapter investigates the feasibility of

applying Machine Learning (ML) models, combining Natural Language Processing

(NLP) techniques with human interpretations of grief, to identify suicidal ideation

among bereaved Reddit users.

Just as suicidal users, who often use social media to disclose their thoughts (e.g.,

Robinson et al. 2017; Wang et al. 2019; Pourmand et al. 2019; S�rensen et al.

2023), bereaved individuals are also increasingly turning to social media (Walter

2015; Willis and Ferrucci 2017; Moore et al. 2019; Leaune et al. 2024) to share their

experiences and express emotional distress. These online platforms often feel less

intimidating than face-to-face interactions, providing a sense of anonymity and the

possibility of connecting with others who have faced similar struggles (Robinson et

al. 2016; Robinson et al. 2017; Dodemaide et al. 2019; Sedgwick et al. 2019; Wang

et al. 2019; Pourmand et al. 2019; Yeo 2021; S�rensen et al. 2023). Such extensive

availability of online content provides both unique opportunities for studying suicidal

ideation among individuals experiencing bereavement and challenges for identi�ca-

tion at scale. Automated methods, such as ML classi�ers and NLP techniques, are

expected to address this challenge.

Building upon these insights, this chapter employs NLP techniques to analyze an-

notated posts (Chapter 3) from bereaved users exhibiting suicidal thoughts, extract

relevant features, and transform them into numerical representations. These numer-

ical features then serve as inputs for the supervised ML classi�ers to detect suicidal

ideation.

122
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5.2 Data Curation

Data was collected from Reddit using a list of speci�ed keywords and was annotated

by Anntator X and Annotator Z (Chapter 3). The annotated posts were curated

and categorized into three datasets:

ˆ Dataset A: Suicidal Ideation and Bereavement

This category includes posts from Reddit users who have experienced bereave-

ment and expressed suicidal ideation. Annotated posts in this category contain

both labels 0 and 1 of the �nal version annotation guidelines:

0 Suicidal ideation

1 Death of a partner, parent, child, or other people close to the

bereaved

ˆ Dataset B: No Suicidal Ideation but Bereavement

This category includes posts from bereaved individuals who did not express

suicidal ideation, i.e., annotated posts in this category do not include label 0.

ˆ Dataset C: Neither Suicidal Ideation nor Bereavement

This category includes posts collected from control subreddits, as outlined in

Chapter 3.

Table 5.1 provides a detailed overview of each dataset.

Table 5.1 : Dataset Overview and Sample Distribution
Dataset Name De�nition Number of Samples

Dataset A Posts that express suicidal ideation and contain explicit 954
references to the death of a loved one.

Dataset B Posts that include explicit references to a loved one's death 954
but do not indicate any suicidality.

Dataset C Posts that show no signs of grief or suicidality. 6000

5.3 Data Pre-processing

Data pre-processing was performed to remove noise from the datasets before feature

extraction. Using Python libraries (see Chapter 3 for details), the process involved

several key steps to clean and standardize the text. Since a post's title often sum-

marizes its main topic and may include additional context or key details, it was

prepended to the body text, following a methodology set by Yao et al. (2020). Du-

plicate posts were identi�ed and removed, and to protect user privacy, Reddit links

to original posts and usernames were stripped from the dataset.
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For each post, numerical digits were converted to words, contractions were expanded,

and redundant white spaces were replaced with a single space. URLs, punctuation1,

special characters and HTML tags were removed to eliminate unnecessary noise. All

text was standardized to lowercase.

After cleaning, the text underwent tokenization and lemmatization2, ensuring words

were reduced to their base forms while retaining meaning. Unlike many typical NLP

approaches, stopwords (e.g., \a," \an," \the," \and," and \of") (Singh and Kumari

2016; Zhu et al. 2023) were kept in the research reported in this chapter (see Chapter

3). Table 5.2 illustrates an example of the data-processing stages.

Table 5.2 : Example of data-processing stages

Unprocessed text

He died 3 months ago. I don't think I can make it.

Cleaned text

he died three months ago i do not think i can make it

Tokenized text

`he', `died', `three', `months', `ago', `i', `do', `not', `think', `i', `can', `make', `it'

Lemmatized text

`he', `die', `three', `month', `ago', `I', `do', `not', `think', `I', `can', `make', `it'

5.4 Feature Extraction

To train the ML models, the preprocessed data were transformed into numerical

representations using NLP techniques, including N-grams, Term Frequency{Inverse

Document Frequency (TF-IDF), Linguistic Inquiry and Word Count-22 (LIWC-22),

and Part of Speech (POS) tagging. The reasons for selecting these approaches have

been outlined in Chapter 3.

1For LIWC analysis, all punctuation marks were removed except for periods, commas, question
marks, exclamation points, and apostrophes, as these are included in LIWC-22 dictionaries and
contribute to its linguistic analysis.

2Lemmatization was not performed for the data used in the LIWC analysis and POS tagging.
In LIWC analysis, this ensured accurate category matching, as the LIWC-22 dictionary already
includes di�erent word forms. Similarly, for POS tagging, keeping tokens in their original morpho-
logical forms allowed the Python library spaCy to assign more precise tags.
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5.4.1 N-gram and Term Frequency{Inverse Document Fre-

quency (TF-IDF)

Using the Python library scikit-learn3, Bigrams (n = 2) and Trigrams (n = 3) were

extracted from the lemmatized posts to capture key multi-word expressions. The

preliminary analysis (in Chapter 4) showed that suicidal ideas are often conveyed

through two- or three-word expressions directly or passively (e.g., \kill myself",

\want to die", \never wake up," \want to disappear"). While the longer expressions

(e.g., \can not go on living") and single words (e.g., \die," \suicide") may also

convey suicidal thoughts, the research reported in this thesis focused onbigrams

and trigrams as they are generally speaking more frequently than longer expressions

and can better capture contextual meaning that individual words might miss.

A count-based vectorization approach was employed to represent each bigram or

trigram by its frequency of occurrence. In addition to frequency counts, TF-IDF

features were also extracted to quantify the uniqueness of bigrams or trigrams within

individual posts. By applying both frequent and unique n-grams, the detection

models are expected to recognise diverse linguistic patterns, improving their ability

to identify posts that may indicate suicidal ideation.

5.4.2 Linguistic Inquiry and Word Count (LIWC)

LIWC-224 was applied to extract psycholinguistic features. A total of 116 fea-

tures were extracted from each post, with each feature represented as a calculated

score.

To explore the psychological state among di�erent user groups, i.e., suicidal vs. non-

suicidal and bereaved vs. non-bereaved individuals, through their language usage

(Pennebaker et al. 2003; Tausczik and Pennebaker 2010; Yahya and Abdul Rahim

2023), this study followed the methodologies of Ji et al. (2018) and O'Dea et al.

(2017). Mean values and standard deviations were calculated for each linguistic

feature across posts from Datasets A (Suicidal Ideation and Bereavement), B (No

Suicidal Ideation but Bereavement), and C (Neither Suicidal Ideation nor Bereave-

ment), with the results summarized in Tables 5.3 and 5.4.

3https://scikit-learn.org/stable/modules/feature_extraction.html
4https://www.liwc.app/
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Table 5.3: Linguistic statistical information extracted from posts in Datasets A, B, and
C using LIWC-22.
Category Suicidal Post from Non-Suicidal Post from Non-Suicidal Post from

Bereaved Individuals Bereaved Individuals Non-Bereaved Individuals
Mean SD Mean SD Mean SD

Summary Variables
Word count 338.70 347.18 302.11 338.62 313.75 353.53
Analytical thinking 11.78 11.77 17.26 15.98 36.88 24.64
Clout 12.06 17.63 22.48 24.83 40.08 31.78
Authentic 87.18 17.31 81.79 22.84 62.38 30.11
Emotional tone 21.65 22.94 25.68 25.16 39.15 28.83
Words per sentence 16.17 12.82 15.86 8.17 21.30 12.19
Big words 12.10 3.36 12.70 3.58 16.24 5.41
Dictionary words 96.25 2.13 95.43 2.75 90.82 5.64
Linguistic Dimensions 80.47 4.25 79.42 4.42 72.78 7.03
Total function words 63.72 4.17 62.61 4.40 57.41 6.31
Total pronouns 21.84 3.57 20.92 3.77 16.91 5.15
Personal pronouns 16.16 3.46 15.27 3.72 11.62 4.73
1st person singular 11.31 3.13 9.63 3.26 6.09 4.09
1st person plural 0.74 0.95 0.96 1.18 0.68 1.20
2nd person 0.69 1.52 0.83 1.62 1.80 2.41
3rd person singular 2.70 2.30 3.04 2.60 1.83 2.62
3rd person plural 0.55 0.88 0.60 0.86 1.01 1.47
Impersonal pronouns 5.68 2.16 5.65 2.27 5.28 2.50
Determiners 12.90 2.80 13.63 3.09 14.35 3.37
Articles 3.99 1.77 4.74 2.02 6.18 2.67
Numbers 1.54 1.37 1.68 1.43 2.14 2.76
Prepositions 12.50 2.52 12.63 2.71 12.76 3.09
Auxiliary verbs 11.68 2.88 10.76 2.74 9.40 2.98
Adverbs 8.00 2.55 7.62 2.86 6.07 2.73
Conjunctions 7.40 2.03 7.41 2.21 6.79 2.35
Negations 3.09 1.56 2.47 1.44 1.93 1.45
Common verbs 22.71 3.79 21.32 3.82 18.59 4.19
Common adjectives 5.93 2.14 6.15 2.35 5.90 2.77
Quantities 4.69 2.15 4.89 2.33 4.74 2.80
Psychological Processes
Drives 4.29 2.09 4.65 2.47 4.18 2.84
A�liation 2.66 1.78 3.12 2.13 1.90 2.16
Achievement 0.99 0.90 0.95 0.92 1.24 1.46
Power 0.67 0.73 0.61 0.88 1.08 1.45
Cognition 16.17 4.04 15.19 4.41 13.73 4.85
All-or-none 2.22 1.45 1.92 1.45 1.44 1.37
Cognitive processes 13.80 3.77 13.18 4.10 12.19 4.67
Insight 3.25 1.73 3.54 1.93 2.66 2.02
Causation 1.61 1.07 1.69 1.24 1.75 1.58
Discrepancy 3.10 1.83 2.24 1.44 1.89 1.49
Tentative 2.36 1.55 2.40 1.75 2.62 2.01
Certitude 0.67 0.77 0.66 0.79 0.67 0.91
Di�erentiation 4.26 1.91 3.90 1.81 3.69 2.14
Memory 0.14 0.33 0.17 0.38 0.08 0.33
A�ect 6.65 2.73 6.67 2.95 4.78 2.90
Positive tone 2.70 1.53 2.91 1.87 2.76 2.29
Negative tone 3.56 2.30 3.40 2.38 1.71 1.70
Emotion 3.03 2.00 3.17 2.14 1.58 1.66
Positive emotion 0.87 0.90 0.97 1.06 0.72 1.20
Negative emotion 2.05 1.77 2.06 1.87 0.74 1.03
Anxiety 0.26 0.49 0.23 0.54 0.15 0.42
Anger 0.30 0.68 0.29 0.70 0.16 0.48
Sadness 0.63 0.86 0.77 1.06 0.12 0.42
Swear words 0.34 0.74 0.26 0.63 0.24 0.78
Social processes 11.63 4.23 12.71 4.74 13.26 6.07
Social behavior 3.27 1.79 3.53 1.97 4.59 2.86
Prosocial behaviour 0.64 0.90 0.70 0.84 0.83 1.11
Politeness 0.18 0.63 0.19 0.43 0.45 0.85
Interpersonal con
ict 0.32 0.53 0.24 0.58 0.28 0.75
Moralization 0.25 0.50 0.21 0.45 0.27 0.67
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Table 5.4: Linguistic statistical information extracted from posts in Datasets A, B, and
C using LIWC-22 - continuing.
Category Bereaved Individuals Bereaved Individuals Non-Grieving and

with Suicidal Ideation without Suicidal Ideation Non-Suicidal Individuals
Mean SD Mean SD Mean SD

Communication 1.27 1.12 1.52 1.40 2.47 2.08
Social referents 7.55 3.40 8.60 3.83 8.52 4.76
Family 1.20 1.27 1.44 1.52 0.72 1.53
Friends 0.36 0.63 0.34 0.62 0.19 0.62
Female references 1.47 2.09 1.76 2.37 1.27 2.40
Male references 2.08 2.42 2.39 2.72 1.45 2.53
Expanded Dictionary
Culture 0.15 0.38 0.19 0.47 0.85 1.61
Politics 0.01 0.06 0.02 0.10 0.15 0.81
Ethnicity 0.01 0.06 0.01 0.08 0.11 0.71
Technology 0.13 0.36 0.16 0.45 0.58 1.20
Lifestyle 1.72 1.46 1.93 1.77 4.60 3.63
Leisure 0.24 0.52 0.39 0.73 0.43 1.02
Home 0.36 0.60 0.42 0.73 0.34 0.83
Work 0.62 0.80 0.67 0.92 2.62 2.71
Money 0.29 0.57 0.28 0.63 1.18 2.12
Religion 0.25 0.55 0.23 0.71 0.31 1.37
Physical 4.12 2.30 3.19 2.17 2.30 3.00
Health 1.61 1.53 1.23 1.39 0.82 1.67
Illness 0.56 0.82 0.52 0.90 0.26 0.90
Wellness 0.07 0.29 0.08 0.31 0.11 0.52
Mental health 0.47 0.78 0.29 0.64 0.09 0.42
Substances 0.06 0.21 0.03 0.14 0.05 0.35
Sexual 0.04 0.19 0.04 0.19 0.16 0.80
Food 0.28 0.66 0.20 0.57 0.47 1.42
Death 1.24 1.30 0.79 1.01 0.15 0.71
States
Need 0.53 0.77 0.49 0.77 0.47 0.82
Want 1.14 1.19 0.61 0.83 0.38 0.69
Acquire 0.93 0.84 0.91 0.96 1.05 1.13
Lack 0.24 0.56 0.22 0.63 0.17 0.55
Ful�lled 0.12 0.25 0.11 0.25 0.16 0.42
Fatigue 0.23 0.82 0.09 0.42 0.07 0.29
Motives
Reward 0.05 0.17 0.04 0.17 0.15 0.52
Risk 0.48 0.63 0.49 0.83 0.31 0.65
Curiosity 0.16 0.35 0.20 0.42 0.36 0.88
Allure 9.50 2.72 9.21 2.97 7.36 3.07
Perception 8.84 2.79 9.05 3.18 8.37 3.69
Attention 0.29 0.45 0.31 0.53 0.49 0.83
Motion 1.58 1.01 1.71 1.21 1.48 1.41
Space 5.45 2.16 5.22 2.34 5.28 2.75
Visual 0.60 0.70 0.69 0.91 0.81 1.36
Auditory 0.20 0.46 0.23 0.59 0.27 0.72
Feeling 1.23 1.11 1.36 1.49 0.48 0.87
Time orientation
Time 6.84 2.48 7.21 3.02 5.38 3.02
Past focus 5.69 2.91 6.54 3.08 5.02 3.41
Present focus 6.93 2.96 6.20 2.99 5.64 2.89
Future focus 1.88 1.54 1.62 1.55 1.29 1.48
Conversational 0.32 0.54 0.34 0.75 0.49 0.88
Netspeak 0.16 0.39 0.15 0.38 0.26 0.66
Assent 0.14 0.35 0.16 0.60 0.16 0.41
Non
uencies 0.02 0.13 0.04 0.19 0.06 0.28
Fillers 0.01 0.08 0.01 0.09 0.04 0.22
All punctuation 16.26 4.84 15.07 5.55 13.64 5.23
Periods 8.35 3.36 8.23 4.36 5.90 3.25
Comma 3.22 2.24 3.02 2.34 3.62 2.55
Question Mark 0.54 0.86 0.57 1.02 0.90 1.47
Exclamation points 0.17 1.06 0.13 0.65 0.56 1.82
Apostrophes 3.97 2.19 3.11 2.04 2.66 2.06
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The main �ndings include:

1. Bereaved users' suicidal posts tend to have a comparatively higher word count.

In contrast, posts from the control dataset exhibit comparatively greater vari-

ation in length than those from bereaved users, ranging from very short to

very long.

2. Bereaved users' suicidal posts score lower on Analytical Thinking5 (i.e., metric

of logical, formal thinking), suggesting a tendency to write in a more narrative

style. According to O'Dea et al. (2017), this indicates that their language

focuses more on the here-and-now and on personal experiences.

3. Bereaved users' suicidal posts score lower on Clout6 (i.e., language of lead-

ership, status), whereas non-suicidal posts from possibly non-bereaved users

score much higher. O'Dea et al. (2017) propose this shows that non-bereaved

users express themselves with a more con�dent and authoritative tone.

4. Authentic, as measured by LIWC-22, re
ects the degree to which individuals

are revealing themselves in an authentic or honest way (O'Dea et al. 2017).

Bereaved users' suicidal posts score higher on Authentic, suggesting that their

narratives convey greater sincerity and self-disclosure.

5. Bereaved users' suicidal posts contain a comparatively higher frequency of

�rst-person singular pronouns. According to Yahya and Abdul Rahim (2023),

this re
ects a heightened self-focus. Compared to non-suicidal users, they use

fewer �rst-person plural pronouns (we, our, us, lets), as well as fewer second-

person pronouns (you, your, u, yourself), third-person singular pronouns (he,

she, her, his), and third-person plural pronouns (they, their, them, themsel*).

6. Non-suicidal posts from bereaved users contain comparatively more a�liation-

related language (we, our, us, help), which may suggest a stronger focus on

relationships and connections.

7. Bereaved users' posts exhibit a comparatively higher level of emotional ex-

pression compared to non-suicidal posts from likely non-bereaved users. As

expected, they express signi�cantly more negative emotions. Suicidal users dis-

play comparatively higher levels of anxiety and use more swear words, while

non-suicidal bereaved users express comparatively more sadness.

8. Bereaved users' suicidal posts include more interpersonal con
ict language

(�ght, kill, killed, attack). Additionally, these posts reference mortality and

5https://www.liwc.app/static/documents/LIWC-22%20Manual%20-%20Development%20an
d%20Psychometrics.pdf

6ibid.
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death-related terms more often (e.g., death, dead, die, kill).

9. Bereaved users' suicidal posts exhibit a comparatively higher frequency of

health-related, illness-related, and mental health-related terms.

10. Words associated with tiredness or exhaustion appear more frequently in sui-

cidal posts from bereaved users, re
ecting emotional and physical drain.

11. Bereaved users' suicidal posts also reveal comparatively stronger expressions

of desire and necessity. They include more necessity-focused words (have to,

need, had to, must) and desire-related language (want, hope, wanted, wish),

possibly indicating a sense of longing (to death and/or to the deceased).

This study also compared speci�c linguistic features, including word count, personal

pronouns, and a�ect, across posts from bereaved individuals with PGD, bereaved

individuals with long-term grief reactions, and other breaved individuals who do not

belong to these two groups in Dataset A. Suicidal posts from bereaved individuals

exhibiting symptoms of PGD in Dataset A were identi�ed using Labels 0, 1, 2, 4, 5,

and 6 from the �nal version of the annotation guidelines. Although Label 3 in the

�nal version of the annotation guidelines: \The grief response clearly exceeds ex-

pected social, cultural, or religious norms for the individual's culture and context"

is an essential feature of PGD in ICD-117, it is not a strict criterion for classify-

ing posts into this category in this study. Determining whether a grief response

exceeds cultural expectations is inherently challenging, as grieving practices vary

signi�cantly across cultures8. These di�erences highlight the di�culty of determin-

ing whether an individual's grief response truly exceeds expected norms without

su�cient background information. This challenge becomes even greater in online

settings. Social media platforms like Reddit connect users from diverse cultural,

religious, and social backgrounds but often lack clear indicators of their speci�c cul-

ture and context. Users may also selectively disclose or withhold personal details,

making it even harder to assess deviations accurately.

Posts from bereaved individuals with long-term grief reactions in Dataset A were

those posts that were labelled 0, 1, 2, 4, and 5 based on the �nal version of the

annotation guidelines. Users who published these posts may be experiencing PGD,

as their narratives describe a persistent and pervasive grief response. They express

longing for the deceased and/or persistent preoccupation with them (Label 4), ac-

companied by at least one of ten additional grief reactions indicative of intense

7https://icd.who.int/browse/2024-01/mms/en#1183832314
8For example, in Bali, Indonesia, grieving is typically brief, and tearfulness is discouraged

(Wikan 1990), whereas in Egypt, prolonged tearful grieving, even after seven years, is considered
normal and healthy (Wikan 1988).
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emotional pain (Label 5) for a minimum of six months after bereavement (Label 2).

However, these posts do not clarify whether the grief reactions cause signi�cant im-

pairment in personal, social, educational, occupational, or other important areas of

functioning (Label 6). It is not possible to determine whether this absence of infor-

mation because the user does not experience such impairment or because they have

chosen not to disclose all relevant symptoms. Since PGD is a clinically signi�cant

condition (Spuij et al. 2012) that requires speci�c diagnostic features, this study

adopts a conservative approach, classifying these cases as bereaved individuals with

long-term grief rather than identifying them as having PGD.

As shown in Table 5.5:

ˆ Bereaved users with PGD and long-term grief reaction use more words on

average. PGD users exhibit the highest total word count, with their aver-

age words per sentence also being comparatively higher. Additionally, they

use more \Big Words"9 (i.e., words with seven or more letters), suggesting

that PGD users' writing tends to be lengthier and slightly more linguistically

complex.

ˆ Posts from both PGD users and long-term grief users score higher on Ana-

lytic Thinking and Authentic, suggesting that they openly acknowledge their

struggles and seek to process them. Moreover, given the presence of suici-

dal ideation within their posts and based on the analysis in Chapter 4, this

may further suggest that suicidal bereaved users experiencing PGD and long-

term grief reactions tend to rationalize suicide as a perceived resolution to

their long-term struggles, viewing it as a deliberate decision rather than an

impulsive, emotional reaction.

ˆ PGD users tend to use fewer �rst-person singular and plural pronouns (\I" and

\we") but comparatively more second-person pronouns (\you"), suggesting a

sense of longing toward the deceased.

ˆ PGD users' posts show higher levels of negative emotions, particularly anxiety

and sadness. Meanwhile, both PGD users and long-term grief users exhibit

similar frequencies of anger-related language in their posts.

9https://www.liwc.app/static/documents/LIWC-22%20Manual%20-%20Development%20an
d%20Psychometrics.pdf
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Table 5.5: Linguistic statistical information extracted using LIWC-22 across posts from
bereaved individuals with PGD, bereaved individuals with long-term grief reactions, and
other breaved individuals who do not belong to these two groups in Dataset A.
Category Suicidal posts from Suicidal posts from Suicidal posts from

Bereaved Individuals Bereaved Individuals Bereaved Individuals
with PGD with Long-term Grief

Mean SD Mean SD Mean SD

Word count 324.04 337.79 517.96 406.59 389.81 377.94
WPS 15.98 12.18 17.51 11.71 17.43 18.70
BigWords 12.11 3.42 13.41 2.74 11.25 2.85
Analytical thinking 11.41 11.76 16.39 12.85 13.03 10.71
Authentic 86.55 18.08 90.61 11.82 91.80 8.68
Clout 12.42 18.17 10.90 15.73 8.90 11.70
Emotional tone 21.63 22.94 19.73 23.34 23.01 22.85
Personal pronouns 16.26 3.55 14.77 2.47 15.89 2.80
1st person singular 11.35 3.24 10.72 1.87 11.20 2.43
1st person plural 0.76 0.97 0.57 0.67 0.61 0.83
2nd person 0.70 1.58 0.76 1.41 0.52 0.78
3rd person singular 2.73 2.38 2.07 1.66 2.77 1.64
3rd person plural 0.55 0.90 0.49 0.66 0.59 0.82
A�ect 6.70 2.79 6.51 2.26 6.21 2.27
Positive tone 2.70 1.54 2.69 1.39 2.71 1.53
Negative tone 3.60 2.38 3.48 1.74 3.11 1.57
Emotion 3.06 2.07 3.04 1.50 2.70 1.40
Positive emotion 0.88 0.93 0.85 0.78 0.82 0.71
Negative emotion 2.07 1.83 2.07 1.28 1.77 1.18
Anxiety 0.25 0.48 0.50 0.77 0.24 0.47
Anger 0.31 0.71 0.23 0.36 0.23 0.37
Sadness 0.64 0.89 0.67 0.60 0.55 0.74
Swear words 0.35 0.75 0.28 0.72 0.34 0.63

5.4.3 Part of Speech (POS) tags

To explore whether there are potential di�erences in grammatical patterns, a com-

parative analysis of Universal POS tags and tense distribution was conducted across

the three datasets by quantifying the frequency of each POS tag within each dataset.

The results are presented in Figure 5.1.

Employing the Python library spaCy10, tokenized posts from Datasets A, B, and C

were parsed and tagged with both Universal POS tags and the detailed POS tags.

Following the approach described by Bucur et al. (2021), tense was categorized based

on the detailed POS tags:

ˆ Past tense: verb, past tense (VBD); verb, past participle (VBN)

ˆ Present tense: verb, gerund or present participle (VBG); verb, 3rd person

singular present (VBZ); verb, non-3rd person singular present (VBP); verb,

base form (VB)

10https://spacy.io/
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ˆ Future tense: modal auxiliary (MD) tag before a VB

The token-level POS tags were then aggregated to the post-level. Speci�cally, for

each post, the total number of tokens, along with the occurrences of each universal

POS tag, each detailed POS tag, and each tense category, was counted. These

counts were subsequently normalized by each post's total token count to obtain

proportions.

Figure 5.1 : POS tags distribution of posts in Datasets A, B and C
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Posts from the two groups of bereaved users exhibited linguistic similarities, char-

acterized by a more personal and narrative-driven style (due to the heavier use of

pronouns). In contrast, posts in the control dataset contain fewer pronouns but a

higher frequency of nouns. This observation is consistent with the prior study by

Huang et al. (2015), which found that non-suicidal texts contained more nouns.

Function word (i.e., adposition, coordinating conjunction, determiners, particles,

subordinating conjunction, auxiliary, and pronouns (Bucur et al. 2021)) usage was

highest in posts from suicidal bereaved users, slightly lower in non-suicidal bereaved

users, and lowest in non-suicidal and possibly non-bereaved users. This pattern

aligns with �ndings from Litvinova et al. (2017), who observed that texts by suicidal

individuals use function words more frequently than those in a control group.

Across all three datasets, posts predominantly focus on present-tense discourse,

which aligns with the real-time and immediate nature of social media commu-

nication. Additionally, non-suicidal bereaved users comparatively use past tense

more frequently than other groups, indicating a possible greater focus on past ex-

periences. Lastly, future-tense constructions appear the least frequently across all

datasets.

5.4.4 Annotation features

This study constructs domain-knowledge-based features by drawing on established

symptom-based ML models (e.g., Mohi Uddin et al. 2023; Sogandi 2024; Fakieh

and Saleem 2024). These models have demonstrated that disease symptoms can be

e�ectively converted into structured numerical representations. Building on these

approaches, the PGD diagnostic requirements measured (annotated) in this thesis

have likewise been translated into binary representations.

The PGD diagnostic requirements, i.e., the �nal version of the annotation mech-

anism (detailed in Chapter 3), includes six essential PGD features, which human

annotators use to annotate the posts:

ˆ 1 Event criterion

\Death of a partner, parent, child, or other people close to the bereaved"11

ˆ 2 Time criteria

\The grief response has persisted for an atypically long period of time following

the loss, more than 6 months at a minimum"12

11https://icd.who.int/browse/2022-02/mms/en#1183832314
12 ibid.
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ˆ 3 Cultural criteria

\The grief response clearly exceeds expected social, cultural or religious norms

for the individual's culture and context"13

ˆ 4 Separation distress

\A persistent and pervasive grief response characterized by longing for the

deceased or persistent preoccupation with the deceased"14

ˆ 5 Intense emotional pain

\Accompanied by intense emotional pain, for example, sadness, guilt, anger,

denial, blame, di�culty accepting the death, feeling one has lost a part of

one's self, an inability to experience positive mood, emotional numbness, and

di�culty in engaging with social or other activities" 15

ˆ 6 Functional impairment criterion

\The disturbance results in signi�cant impairment in personal, family, social,

educational, occupational or other important areas of functioning"16

This process results in di�erent essential feature combinations for each post, such as

[1, 2, 4, 5, 6] or [1, 5]. To encode these annotations, multi-hot encoding is �rst used to

generate a binary indicator for each PGD feature: For each labeli 2 f 1; 2; 3; 4; 5; 6g,

a binary feature Annotationi was de�ned to indicate the presence or absence of label

i in the text. Formally,

Annotation i =

8
<

:
1 if label i is present for this post,

0 otherwise:

For example, if only explicit mention of the death of a loved one [1] and intense

emotional pain [5] were identi�ed in the user's posts, the feature vector becomes

[1, 0, 0, 0, 1, 0], whereas the presence of all six dimensions becomes [1, 1, 1, 1, 1,

1].

In addition to these binary indicators, a synergy feature is incorporated to represent

the co-occurrence of PGD essential features in a single post:

PGD =

8
><

>:

1; if
V

i 2f 1;2;4;5;6g
Annotation i = 1;

0; otherwise:

13 ibid.
14 ibid.
15 ibid.
16 ibid.
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The rationale is that meeting all of these feature criteria may suggest the presence of

PGD among bereaved online users, which are informative for ML models. According

to ICD-1117, PGD leads to increased suicidal ideation (i.e., the positive class in the

ML exploratory classi�cation task in this study).

Normalization strategies were applied to integrate annotation features with those

extracted from posts using NLP techniques. The binary annotation features (0/1)

remain unscaled to preserve their interpretability as simple presence/absence 
ags.

N-gram frequencies and LIWC-22 scores, which may vary widely in their numeric

ranges, were normalized to the [0; 1] range using min-max scaling (Alharthi and El

Saddik 2020; Almerekhi et al. 2022; Kaushik et al. 2024; Amin and Liu 2024). Each

feature valueV is transformed according to the formula:

VF =
V � Vmin

Vmax � Vmin

whereVF represents the scaled feature value, andVmin and Vmax indicate the mini-

mum and maximum observed values ofV, respectively (Kaushik et al. 2024). TF-

IDF features, already normalized via L2 methods, were used as provided. POS

tagging features are already expressed as proportions in the range [0; 1], inherently

normalized and thus requiring no additional scaling.

5.5 Exploratory Classi�cation Tasks

Two exploratory classi�cation tasks (see Figure 5.2) were conducted using the three

main datasets curated in Section 5.2.

5.5.1 Task 1: Mimic real-life scenario - Broad classi�cation

of suicidal (bereaved) individuals vs. non-suicidal in-

dividuals

The �rst objective is to distinguish posts from bereaved individuals who exhibit

suicidality from a broader group that is non-suicidal and likely non-bereaved indi-

viduals. This setup aims to approximate real-world screening contexts, where the

�rst step is to identify high-risk individuals (speci�cally those who are experiencing

bereavement and have developed suicidal ideation) within the general population.

This broad risk assessment helps determine who requires immediate attention.

17https://icd.who.int/browse/2024-01/mms/en#1183832314
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Figure 5.2 : General Work
ow for Exploratory Classi�cation Tasks

The positive class comprises 954 identi�ed suicidal posts in Dataset A, while the

negative class was assigned 6,000 non-suicidal posts from the control subreddits.

The ratio (approximately 1:6) was chosen to capture some of the imbalances ob-

served in larger populations while keeping the minority class large enough for prac-

tical model training. To justify this imbalance, this study referenced data from the

2020{22 National Study of Mental Health and Wellbeing (ABS 2020{22a)18, which

indicates approximately 1 in 6 Australians aged 16{85 have experienced serious sui-

cidal thoughts at some point in their lives. While this statistic represents lifetime

prevalence speci�c to Australia and may not directly re
ect global or online at-

18https://www.aihw.gov.au/suicide-self-harm-monitoring/data/deaths-by-suicide-i
n-australia/prevalence-estimates-of-suicidal-behaviours
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risk populations, it nonetheless highlights that people experiencing suicidal ideation

represent a smaller proportion of the overall population.

Synthetic Minority Over-Sampling Technique (SMOTE) technique (Chawla et al.

2002) was applied during model training. It is a widely used method for handling

class imbalance, as it generates new examples from the minority class based on

existing data (Ryu et al. 2019; Kumi et al. 2024). By applying SMOTE within

each training fold, this study aims to reduce the classi�er's tendency to favour the

majority class and thereby establish a more e�ective detection model. The feature

set for this task consists of N-gram frequencies, TF-IDF representations, LIWC-22

scores, and POS tag proportion.

5.5.2 Task 2: Fine-grained classi�cation - Detecting suicidal

ideation among bereaved users

The second task was to detect those who, in a bereaved user's community, may be

at higher risk than others by distinguishing posts that express suicidal ideation from

those that do not. To create a balanced dataset, we used 954 suicidal posts from

Dataset A and 954 non-suicidal posts from Dataset B.

In addition to the same set of NLP-extracted features used in task 1, the model

training in this task integrates annotation features derived from the PGD annota-

tion mechanism. The �ndings of the descriptive analysis performed earlier using

LIWC-22 and POS Tagging suggest that the overall lexical and stylistic proper-

ties of bereaved users' posts are relatively similar, making it more challenging to

discriminate suicidality based on features extracted by NLP techniques alone. Hy-

pothetically, knowledge-driven annotations re
ecting human understanding and in-

terpretation of grief reactions can provide additional predictive signals that are ab-

sent or only weakly inferred from NLP-extracted features, thereby improving model

performance.

To assess the contribution of these annotation features, models were evaluated under

multiple feature con�gurations, beginning with a NLP-extracted features baseline

and then progressively integrating annotation features:

ˆ Baseline features: Ngram frequencies, TF-IDF representations, POS tag pro-

portions, and LIWC-22 scores.

ˆ Baseline features and annotation single label features: Presence or absence of

each label.

ˆ Baseline features and annotation PGD indicator: Indicator of essential label

combinations of PGD.
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ˆ Full feature set: Incorporating both annotation features alongside baseline

features.

To further examine the contribution of annotation features to the classi�cation model

in detecting suicidal ideation among bereaved users, a SHapley Additive exPlana-

tions (SHAP) analysis was performed on the best-performing model among those

that incorporated annotation features.

SHAP is an Explainable AI (XAI) technique based on Shapley value, a concept from

cooperative game theory originally used to determine fair allocation on rewards to

each player in a cooperative game (Lundberg and Lee 2017; Loh et al. 2022). In ML,

SHAP applies this concept by treating the features of a model as players, where the

model's classi�cation represents the reward (Louhichi et al. 2023). It quanti�es the

contribution of each feature to the model's output (Rasheed et al. 2022), providing

a clear and interpretable explanation of how features in
uence classi�cation results

(Louhichi et al. 2023).

SHAP technique19 were used to compute SHAP values for each feature used in the

best-performing model, where higher absolute values indicate stronger predictive

importance. The �nal step of this task is to visualize the top-ranked features were

visualized using SHAP summary plots.

5.5.3 Models Training

For the two classi�cation tasks in this research, six classi�cation classi�ers were

implemented to test which one would better classify the posts, including Support

Vector Machines (SVM)20, Decision Tree (DT)21, Logistic Regression (LR)22, Na•�ve

Bayes (NB)23, Random Forest (RF)24, and Extreme Gradient Boosting (XGBoost)25.

10-fold cross-validation26 was used to validate the results. The metrics employed for

evaluating di�erent models' performance were Accuracy, Precision, Recall, and F1-

score (see Chapter 3).

19https://shap.readthedocs.io/en/latest/
20https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html
21https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeC

lassifier.html
22https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.Logis

ticRegression.html
23https://scikit-learn.org/stable/modules/generated/sklearn.naive_bayes.Multin

omialNB.html#sklearn.naive_bayes.MultinomialNB
24https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomFor

estClassifier.html
25https://xgboost.readthedocs.io/en/stable/
26https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.St

ratifiedKFold.html
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5.6 Results

5.6.1 Task 1: Models' Performances

The models' performance, each trained with individual feature set, is presented in

Figures 5.3 and 5.4.

As discussed in Chapter 3, recall measures a model's ability to correctly identify all

actual positive instances, while the F1-score provides a balanced measure by incor-

porating both precision27 and recall. Given the importance of accurately detecting

suicidal cases while minimizing false alarms, this section emphasizes the comparison

of recall values and F1-scores.

When training on the N-gram feature set, LR achieved the best F1-score (84.6%).

The NB attained the highest recall (94.3%), indicating that it rarely missed a sui-

cidal instance. The same pattern was observed with the TF-IDF feature set, LR

(again) recorded the highest F1-score (85.6%), and NB maintained the best recall

(95.0%).

When models were trained with the POS feature set, SVM, LR, and NB demon-

strated a pattern of high recall (82.2%, 82.5%, and 84.6%, respectively) combined

with low precision (41.9%, 37.8% and 33.8%, respectively), indicating that they cor-

rectly identify the vast majority of suicidal posts but at the cost of a substantial

number of false positives across all three models, as well as comparatively lower

accuracy speci�cally for LR and NB (78.9% and 75.0%, respectively). All models

recorded their lowest F1-scores and accuracy when trained with the POS feature set

alone, performing worse compared to other feature sets.

Comparisons of recall and F1-scores across all single-feature con�gurations suggest

that LIWC-22 feature set and TF-IDF feature set generally produce better perfor-

mance than the other feature sets. With TF-IDF feature set, LR recorded its highest

F1-score, and NB achieved its best recall. The SVM, DT, RF, and XGBoost each

performed particularly well with LIWC-22 feature set, achieving their highest F1-

scores and recall values. Similarly, LR also achieved its best recall (94.6%) when

trained on LIWC-22 feature set, which may indicate that LIWC-22 feature set may

o�er especially robust predictive signals across di�erent models in this task.

Figures 5.5 - 5.10 present the performance metrics for models trained on di�erent

feature combinations.

27Precision evaluates how accurately the model is in classifying positive posts (i.e., the posts
annotated by human annotators as suicidal) (O'Dea et al. 2015).
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Figure 5.3: Task 1: Performance metrics of models trained with di�erent feature sets:
(1) N-gram feature set; (2) TF-IDF feature set.
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Figure 5.4: Task 1: Performance metrics of models trained with di�erent feature sets:
(1) POS tags feature set; (2) LIWC-22 feature set.



142 Chapter 5. Human-Machine Collaboration

Figure 5.5: Task 1: Performance metrics of models trained with di�erent combinations
of feature sets: (1) N-gram + LIWC-22; (2) N-gram + POS.
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Figure 5.6: Task 1: Performance metrics of models trained with di�erent combinations
of feature sets: (1) LIWC-22 + POS; (2) TF-IDF + N-gram.
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Figure 5.7: Task 1: Performance metrics of models trained with di�erent combinations
of feature sets: (1) TF-IDF + POS; (2) TF-IDF + LIWC-22.


	List of Abbreviations
	List of Figures
	List of Tables
	Introduction
	Background
	Identifying Suicidal Ideation
	Suicidal Ideation in Bereaved Individuals
	Summary

	Methodological Framework
	Research Design
	Data Collection
	Data Annotation
	From a Humanities and Social Sciences Perspective: Thematic Analysis
	From a Digital Technology Perspective: The Application of Machine Learning Models
	From an Interdisciplinary Perspective: Ethical Considerations
	Summary

	Voices of the Bereaved
	Introduction
	Data Sample
	Themes Identification
	Theoretical Frameworks
	Findings
	Discussion
	Summary

	Human-Machine Collaboration
	Introduction
	Data Curation
	Data Pre-processing
	Feature Extraction
	Exploratory Classification Tasks
	Results
	Discussion
	Summary

	Perils of Prediction
	Introduction
	Challenges identified in the survey
	Practices observed in empirical studies
	Recommendations
	Summary

	Conclusion
	Key Findings
	Limitations and Future Works
	Summary

	Bibliography
	Appendix

