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Abstract

Suicide is one of the biggest public health challenges worldwide, taking the lives
of more then 700 000 people each year. The wide use of social media platforms
present an opportunity to automatically detect suicidal ideation posts, which
may help suicide prevention. In this thesis, I give a brief overview of the text
document classification process for suicidal ideation detection (SID) from social
media posts by presenting some feature extraction and selection methods and the
most popular machine learning classifiers, including traditional and deep learning
algorithms. A review of the literature on this topic showed that suicidal posts can
be successfully detected with algorithms achieving F1 scores between 0.53-0.96.
Therefore, machine learning algorithms are an efficient way to detect suicidal
ideation posts on social media, which can be further implemented for suicide
prevention.
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Chapter 1

Introduction

1.1 Suicide as an Emerging Public Health Problem

Suicide is one of the leading causes of death worldwide and in Switzerland. Ac-
cording to the World Health Organisation, it is estimated that 703 000 people
died by suicide in 2019 [1]. When looking at age groups, suicide was the fourth
leading cause of death among young people aged between 15-29 [2], which raises
significant concerns. In Switzerland, suicide is also the cause of death in 15 out
of 1000 deaths. Between the ages of 15 to 45, accidents and suicide are the cause
of majority of deaths [3]. These numbers reflect a major public health challenge,
which makes it essential to understand the warning signs of suicide and to identify
individuals who are at risk of taking their own lives.

Possible causes of suicidal ideation and behaviours are thought to be a com-
plex interaction of psychological, biological, environmental, and cultural factors.
Some of the current theories on the etiology of suicidal ideation are the Diathesis-
Stress Model, The Interpersonal-Psychological Theory of Suicide (IPTS), Three
Step Theory (3ST) and The Integrated Motivational-Volition Theory (IMV) [4].
The Diathesis-Stress model suggests that a combination of biological and/or psy-
chological factors create a vulnerability for some individuals, who are then predis-
posed to suicidality when encountering particular life stressors [5]. IPTS predicts
that the combination of "perceived burdensomeness" to others and "thwarted
belonging", which is when the need to belong is unmet, can result in suicidal
ideation [6]. IMV on the other hand suggests that the pathway to suicidal ideation
is through defeat and entrapment [7]. 3ST proposes pain and hopelessness as fac-
tors that lead to suicidal ideation [8]. Some of the possible biological factors that
may lead to suicidal ideation are dysregulated hypothalamic-pituitary-adrenal
(HPA) axis function, neuroinflammation and immune system dysfunction [4]. In
terms of genetic predisposition, variants of the FKBP5 gene have been implicated
in depression and suicidal ideation and behaviors [9].
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1. Introduction 2

1.2 Suicidal Ideation Detection and the Importance of
Social Media Communication

Suicidal ideation is defined by the ICD-11 as "thoughts, ideas, or ruminations
about the possibility of ending one’s life, ranging from thinking that one would
be better off dead to formulation of elaborate plans" [10] The transition from
suicidal ideation to the first suicide attempt usually occurs within a year after
the ideation onset [11]. For this reason, suicidal ideation detection (SID) plays
a key role in preventing suicide. Figure 1.1 presents an overview of the methods
and domains of SID.

Figure 1.1. Methods and Domains of Suicidal Ideation Detection. From: Ji et

al., 2021, p.215

Traditional forms of SID make use of clinical methods such as self-reports
and face-to-face interviews, which are not applicable as screening instruments
due to their high cost, whereas machine learning techniques are generally applied
for automatic detection [12]. Social media’s increasing popularity among young
people, who are usually harder to engage in traditional forms of treatment, make
it a promising tool to monitor suicidal thoughts [13].

1.3 What is Machine Learning?

Machine learning is "a branch of artificial intelligence that systematically applies
algorithms to synthesize the underlying relationships among data" [14]. It was
defined by Arthur Samuel as the "field of study that gives computers the ability
to learn without being explicitly programmed" [15].
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1.3.1 Unsupervised and Supervised Learning

Machine learning can be broadly divided into two categories by whether the al-
gorithm’s learning is "supervised" or "unsupervised" [16]. Unsupervised learning
is when the algorithm tries to identify natural groupings within the data without
any reference to a specific outcome or a "right answer" [17]. Supervised learning
on the other hand makes use of prior training examples to map each input to
an output, where the training data is already "labeled". This means that the
value of the outcome is already specified for each observation [16]. If the research
goal is to classify data or make predictions, it is better to opt for supervised
learning, whereas unsupervised learning methods are suitable for understanding
relationships within a data set [18].

1.4 Aim of the Thesis

The aim of this thesis is to provide the reader a brief introduction to machine
learning to understand the literature around SID with machine learning algo-
rithms from social media posts and a comparison of different feature and classi-
fier combinations in terms of accuracy. While doing that, I will be focusing more
on binary classifications of suicidal ideation. I will also be discussing the ethical
implications of social media research and how these findings can be applied for
future suicide interventions.



Chapter 2

Theoretical Background

The text document classification process involves firstly pre-processing techniques
that cleans and organizes the raw data to prepare it for the machine learning
model [19]. Feature extraction and feature selection methods are used to reduce
dimensionality (i.e. number of covariates), which is when an increasing number
of features (i.e. independent variables) "relative to cases result in lower accuracy
and generalizability" [20].

2.1 Feature Extraction & Selection Methods

Feature extraction is the first step following the pre-processing where the data
is transformed into a new feature space to reduce the amount of data to be
processed, while still accurately and fully representing the original data set [19].
Feature selection obtains a subset of features according to particular criteria,
where the original features are maintained [21].

2.1.1 Word Embedding Techniques

In natural language processing (NLP), word embedding techniques are unsuper-
vised learning techniques that convert words in a document into a vector space
representation by analyzing their co-occurrences [22]. Common word embedding
techniques are bag of words (BoW), term frequency–inverse document frequency
(tf-idf), word2vec and GloVe.

BoW is the simplest way of representing words as numerical values. It is
a feature extraction method that calculates the term-frequency of words in a
document, which is the amount of time a word occurs relative to the number of
all words in that document. Terms like "the" occur frequently in all types of
documents, which reduces the importance of other words, though in NLP these
prepositions are generally not accounted for [23].

The tf-idf is a popular term-weighting method that calculates how rare a word
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2. Theoretical Background 5

is across all documents. It is commonly used to reduce the importance of regularly
used words, while also giving higher weight to words that occur infrequently [23].

Word embeddings like word2vec and GloVe are able to assess the syntactic and
semantic relationships of words by using their vector space representations [24].
The main difference between them is that word2vec only considers the local
context of words [25] while Glove makes use of the global co-occurance counts [26].

2.1.2 Linguistic Inquiry and Word Count (LIWC)

LIWC is a text analysis program that counts words in categories and gives them
a score for each. These categories are "Word count, 4 summary language vari-
ables (analytical thinking, clout, authenticity, and emotional tone), 3 general
descriptor categories (words per sentence, percent of target words captured by
the dictionary, and percent of words in the text that are longer than six letters),
21 standard linguistic dimensions (e.g., percentage of words in the text that are
pronouns, articles, auxiliary verbs, etc.), 41 word categories tapping psychological
constructs (e.g., affect, cognition, biological processes, drives), 6 personal concern
categories (e.g., work, home, leisure activities), 5 informal language markers (as-
sents, fillers, swear words, netspeak), and 12 punctuation categories (periods,
commas, etc)" [27]. In the context of SID, it can be used as a tool to find
correlations between choices of words and suicidal ideation [23].

2.1.3 Sentiment Analysis (SA) Approach

SA is "the process of determining the emotional tone behind a series of words
using NLP techniques" [23]. It produces a polarity score, which reflects whether
the document is negative (-1) or positive (1), and a subjectivity score that ranges
from factual (0) to totally subjective (1). Selected values are then combined and
used for prediction modeling [23].

2.1.4 Principal Component Analysis (PCA)

Principal Component Analysis is a statistical procedure that reduces the dimen-
sionality of large data sets by creating new uncorrelated variables that maximize
variance. This technique increases interpretability while also minimizing infor-
mation loss [28]. Figure 2.1 is a visualised example of extracted features in a
two-dimensional space using PCA, where the points represent the data and their
colour represents the class that they belong to. Here, the extracted features
successfully separate the data in suicidal and non-suicidal classes.
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Figure 2.1. Visualisation of Extracted Features Using PCA. From: Ji et al., 2018,

p.6

2.1.5 Topic Modeling

Topic modeling is a methodology used for scanning documents for word and
phrase patterns, which are then clustered into an underlying set of topics (see
Figure 2.2). This method can be used to "classify, index and summarize the
content of documents" [29]. Latent Dirichlet Allocation (LDA) is a popular
example of a topic model [30]. In SID, this can be used to identify topics related
to suicide such as depression, anxiety, stress and hopelessness [31].

Figure 2.2. Topic Modeling. From: Jordan & Mitchell, 2015, p. 258
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2.2 Classification Algorithms

2.2.1 ZeroR

ZeroR is the simplest classifier. It simply predicts the majority class and is used
as a benchmark for other classification methods [32].

2.2.2 Logistic Regression

Logistic regression is one of the most widely used supervised learning classification
algorithms that predicts the probability of a binary outcome [33].

2.2.3 Decision Tree

The decision tree constructs a series of decision rules in the form of a tree struc-
ture [17] by applying "a splitting rule on successively smaller partitions of data,
with each partition being a node on the tree" [16]. Here, nodes represent "at-
tributes in a group that is to be classified and each branch represents a value that
the node can take" [18]. Figure 2.3 is an example for a classification decision tree
that predicts type 2 diabetes mellitus [16]. Decision trees provide advantages for
a range of target audiences, as they are simple to understand and interpret [19].

Figure 2.3. Classification Decision Tree for type 2 diabetes mellitus. From: Bi

et al., 2019, 2226
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2.2.4 Random Forest

Random Forest is an ensemble classifier that makes use of a combination of
decision trees, where the output is the class selected by the most trees [34].

2.2.5 Naïve Bayes

Naïve Bayes is a "probabilistic classifier based on applying Bayes’ Theorem" [19]
that assumes the independence of predictive variables, which means that "the
presence of a particular feature in a class is unrelated to the presence of any other
feature" [18]. It is a popular method because of its simplicity but it requires a
smaller training data set because of its independence assumption [35].

2.2.6 Support Vector Machine (SVM)

Support Vector Machines are supervised learning algorithms that construct an
optimal boundary called a hyperplane, which maximizes the margin between two
classes (see Figure 2.4) and thus minimizing the classification error [18].

Figure 2.4. Support Vector Machine. From: Dwyer et al., 2018, p.101

2.2.7 Deep Neural Networks

Deep learning is a class of machine learning techniques, which makes use of mul-
tilayered "neural networks". These artificial neural networks function similar
to the human brain, where interconnected "neurons" work together to solve a
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specific problem [36]. The internal layers of deep networks provide learned rep-
resentations of the input data and adjust parameters according to the errors at
its output [29].

Figure 2.5. Neural Network Example. From: Bi et al., 2019, p.2225

Figure 2.5 is an example of a neural network with one hidden layer "that
examines the relationship between clinical and demographic predictors and a
numerical outcome, fasting blood sugar level" [16]. Some examples to most used
deep neural networks are convolutional neural networks (CNN) and recurrent
neural networks (RNN) [12].

2.3 Classifier Performance Metrics

Commonly used metrics for the evaluation of classifier performance are accuracy,
precision, recall (i.e. sensitivity), F1 score, receiver operating characteristics
(ROC) and area under the ROC curve (AUC) [23] [37]. Table 2.1 is a two-by-two
confusion matrix in the context of binary suicidal post classification, which visu-
alises the performance of the algorithm and depicts the four possible outcomes:
number of true positives (TP), number of true negatives (TN), number of false
positives (FP), and number of false negatives (FN). Most performance metrics
are derived from these four values [37].

Table 2.1

Confusion Matrix: Binary Classification of Suicidal Ideation.
Predicted Class

Actual Class
Suicidal Ideation Not Suicidal Ideation

Suicidal Ideation True Positive (TP) False Negative (FN)
Not Suicidal Ideation False Positive (FP) True Negative (TN)

Here, accuracy is the ratio of the correctly classified posts to all posts [37]:

Accuracy =
TP + TN

TP + FP + FN + TN
(2.1)
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Recall calculates the fraction of suicidal ideation posts that are correctly
classified as suicidal ideation [23]:

Recall =
TP

TP + FN
(2.2)

Precision is the fraction of actual suicidal ideation posts among posts that
are classified as suicidal ideation [23]:

Precision =
TP

TP + FP
(2.3)

The F1 score (i.e. F-measure) is a metric based on Precision and Recall, as
shown in Equation 2.4. It ranges between 0 and 1, where a perfect classifier yields
an F1 score of 1 [37].

F1 =
2

1
Recall +

1
Precision

= 2 · Precision · Recall
Precision + Recall

=
TP

TP + 1
2(FP + FN)

(2.4)

The ROC plots the TP rate against the FP rate and visualises the trade-off
between them [38]. Figure 2.6 is an example of an ROC curve, where the AUC
is also calculated.

Figure 2.6. ROC Curve. From: Coppersmith et al., 2018, p.5

The AUC is a single value measurement that ranges from 0 to 1 [38]. A
classifier that yields a large AUC is usually preferable over one that yields a
smaller AUC [37]. AUC is also sensitive to the distribution of the data, because
it assumes that suicidal and non-suicidal posts are distributed equally in the data
set. This is generally not the case in SID, so the threshold should be adjusted to
the prevalence of suicidal posts in the training data [39].
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In this thesis, I will mostly be focusing on the F1 score to compare the perfor-
mance of the classifiers, because it gives a balanced evaluation as the harmonic
mean of Precision and Recall [23].



Chapter 3

Methods

3.1 Literature Selection

To select the literature that will be included in this review, I first cross-referenced
the papers provided by Prof. Langer on the topic of SID from social media
posts. Thus, I identified the key literature on this topic. Further, I decided
to focus on the binary classification of suicidal ideation and compare the F1
scores achieved by different machine learning models. For this I did a further
literature search on Google Scholar and Web of Science and identified more papers
reporting F1 scores of classifiers for SID on social media. I searched for the key
words "suicide", "suicidal ideation", "social media", "machine learning", "text
classification" and "natural language processing". Here, I also gave importance
to the inclusion of non-English data sets to increase generalizability, especially
the Chinese microblogging platform Sina Weibo.

12



Chapter 4

Results

To present the results, I decided to categorize the literature to Reddit 4.1 and
microblogs 4.2 and report the performance of the classifiers of each section in a
joint table. The reasoning behind this categorization was the post length: Posts
on Reddit are much longer then posts on microblogs, which are usually under 300
words [40]. Because of this, feature combinations that yield the best results may
differ. Also, the performance of the classifiers are not comparable between short
and long posts, as longer posts contain more information and are thus easier to
classify correctly [23].

While describing the characteristics of the control groups in the studies, I
make use of vocabulary defined by [41]. From here on, "generic" control group
refers to a data set of randomly selected non-suicidal posts and "focused" control
group refers to a data set of non-suicidal posts making use of suicide-related
phrases, which make them harder to classify.

Studies that will be presented also differ in terms of classification. Most
studies make a binary classification, where they classify posts as either "suicidal"
or "non-suicidal", whereas some of them define multiple classes and label the
posts accordingly.

4.1 Reddit

Reddit is a popular online forum which was founded in 2005 [23]. Posts on
Reddit are organized in topic categories which are called "subreddits" [42]. One
of the subreddits called "SuicideWatch" is a platform where users talk about
their suicidal thoughts and share their feelings [23]. It is intensively used for
mental health research [42] and to collect suicidal ideation posts [12] for machine
learning based SID.

13
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4.1.1 Detecting Suicidal Ideation on Forums: Proof-of-Concept
Study (Aladag et al., 2018)

In their study, Aladag et al. [23] selected 785 random posts from Reddit, specifi-
cally from the SuicideWatch, Depression, Anxiety and ShowerThoughts subred-
dits, which were then manually annotated as suicidal if the author of the post
clearly appeared to have suicidal ideations or non-suicidal. Posts from the Sui-
cideWatch subreddit were not annotated and were directly classified as suicidal.
Four experiments were conducted, where a custom data set out of these posts
were generated for each.

In the first experiment, the authors compiled a data set that consisted of 175
posts from SuicideWatch and 210 posts from ShowerThoughts. It can be said
that the posts from ShowerThoughts acted as a generic control group. The F1
scores of the classifiers are reported in Table 4.1.

The second experiment included 200 posts from the Anxiety and Depression
subreddits each, on top of the data set from the first experiment. It can be said
that the addition of these posts resulted in a focused control group. The resulting
F1 scores are reported in Table 4.1.

The aim of the third experiment was to check if all of the posts in the Sui-
cideWatch subreddit can be classified as suicidal and all of the posts in the
ShowerThoughts subreddit can be classified as non-suicidal. When annotated
by psychiatrists, 85.7% of posts on SuicideWatch were identified as having been
posted by people with suicidal ideation. For this, they created a training set
containing 5000 non-annotated posts from each of the subreddits and tested the
models against previously annotated 175 SuicideWatch and 210 ShowerThought
posts. In this experiment, the best F1 score was reached by the SVM algorithm
with 0.92. This performance indicates that the assumption of all posts in Sui-
cideWatch belonging to the suicidal class and all posts in ShowerThoughts in
non-suicidal class is a valid one.

The final experiment aimed to test the trained model from experiment three
on the full data set of 785 posts. The classifier yielding best results was again
SVM with an F1 score of 0.79. The lower performance compared to the third
experiment was attributed to the lack of "edge cases" (posts from Depression and
Anxiety subreddits) in the training data set.

In conclusion, this study showed that classifiers can achieve high performance
in SID from long format social media posts and that it is safe to assume that
all posts in the SuicideWatch subreddit are suicidal and that all posts in the
ShowerThoughts subreddit are non-suicidal.
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4.1.2 Discovering Shifts to Suicidal Ideation from Mental Health
Content in Social Media (De Choudry et al., 2016)

For their study, De Choudry et al. [42] collected data from 14 mental health
subreddits and SuicideWatch and separated the data into two time periods: t1
being 11.02.2014 to 11.08.2014 and t2 being 12.08.2014 to 11.11.2014. They
then categorized users that posted on these subreddits into two sets: The first
set consisted of users that posted on the mental health subreddits during t1
but never posted on SuicideWatch. The second set of users posted on mental
health subreddits in t1 but switched to posting on SuicideWatch during t2. This
resulted in 440 users in the second set and they also randomly sampled another
440 users from the first set. This resulted in a data set of 13049 posts and 101035
comments.

The authors observed that the second set of users use a greater number of
first person singular pronouns and lower numbers of second person pronouns,
first person plural pronouns and third person pronouns when compared to the
first set of users. They also use more verbs and adverbs but less nouns, have a
lower readability index and adjust their language less to the general style on the
mental health subreddits. They have longer but fewer posts and receive fewer
comments on them.

De Choudry et al. also found that the use of phrases like “depression”, “use-
less”, “suicide” , “anxiety”, “no friends”, “have nothing”, “kills” and “to cry” signif-
icantly increases a users chances of posting on SuicideWatch in the future. The
use of phrases like “counseling”, “relationship that”, “intimate”, “hope it”, “i agree”
and “and enjoy” significantly lowered the probability of posting on SuicideWatch
in the future.

The authors then extracted thematic clusters from the posts in an unsuper-
vised way and examined the most dominant themes. They found that themes
of hopelessness, anxiety, impulsiveness, self-esteem, loneliness and severe or stig-
matized illness were associated with the heightened probability of posting on
SuicideWatch in the future.

Finally, the authors used a logistic regression model to differentiate between
the first and second set of users defined above. The classifier achieved an F1
score of 0.80.

All in all, the authors found many indicators, which characterize the transi-
tion from discussing mental health topics not related to suicide to talking about
suicide. They also developed a machine classification algorithm that can predict
this shift.
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4.1.3 Supervised Learning for Suicidal Ideation Detection in On-
line User Content (Ji et al., 2018)

For their study, Ji et al. [43] collected data from both Reddit and Twitter. From
Reddit, the authors created two data sets, the first one consisting of the subreddit
SuicideWatch and popular posts in Reddit. The second data set contained the
subreddits SuicideWatch, gaming, jokes, books, movies and AskReddit. Overall
it included 3549 suicidal ideation posts and a 3652 non-suicidal posts.

Figure 4.1. Reddit Word Cloud. From: Ji et al., 2018, p.4

The authors made use of word clouds to visualise the frequently used words
in suicidal ideation posts (See Figure 4.1). They observed that the most used
words differ in Reddit and Twitter, as people on Reddit describe their life events
and stories about their friend circle, while Twitter users tend to be more straight-
forward, making use of expressions such as “want kill”, “going kill”, and “wanna
kill”. While analyzing the language of the posts, the authors found that users
with suicidal ideation tend to use more personal pronouns, communicate more
negative emotions, use more words related to death, use the present tense to talk
about their suffering, pain and depression and use future tense to express their
hopelessness and suicide intentions.

Figure 4.2. Model Structure for Reddit Data Set. From: Ji et al., 2018, p.4

Figure 4.2 depicts the machine learning model for the Reddit data set. Here
the authors extracted features using statistical features like number of words,
characters, sentences and paragraphs in the title and text body, POS, LIWC,
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tf-idf and LDA for topic features. POS and LIWC featuers were applied to both
title and text body of the posts. LDA and tf-idf was applied to the combination
of title and text body as one piece of text.

The F1 scores for the first data set are presented in 4.1. In the second data
set, posts on SuicideWatch were used in combination with one of the five other
subreddits to evaluate the classifiers on specific online communities. The best
performing classifiers in terms of accuracy for each topic were LSTM and XG-
Boost for gaming, XGBoost for jokes, Random Forest for books, XGBoost for
movies and Random Forest and XGBoost for AskReddit.

The data collection process of Twitter and the results of the Twitter data set
will be presented in the subsection 4.2.5.

4.1.4 Detection of Suicide Ideation in Social Media Forums Us-
ing Deep Learning (Tadesse et al., 2019)

For their experiment, Tadesse et al. [44] used the previously built Reddit data set
by [43] introduced in the subsection 4.1.3. The authors designed two frameworks
for feature extraction: The first one made use of tf-idf, BoW and statistical
features in combination with traditional machine learning algorithms. The second
one combined word2vec with deep learning classifiers.

When examining the data set, the authors found expressions of hopelessness
and frustration, a sense of urgency, anxiety, sense of guilt, regret and signs of lone-
liness in posts from the subreddit SuicideWatch. Users posting on this subreddit
also make more references to themselves, use more question marks, use more
negations, tend to be preoccupied with their feelings, and use more words related
to death. When looking at non-suicidal posts, they observed that users use more
words describing happy moments, positive attitude and feelings, mention social
relations activities and strive towards maintaining positive spirits.

The F1 scores of both frameworks are presented in Table 4.1.

In conclusion, the authors provide a comparison of SID through traditional
machine learning algorithms and deep learning methods from Reddit.

4.1.5 Binary Suicidal Ideation Classification Results for the Red-
dit Data Set

The F1 scores of the machine learning models tested by [23], [43] and [44] are
presented in Table 4.1. Out of these studies, the best F1 score of 0.938 was
achieved by Ji et al. with a model that integrated statistical features, LDA,
tf-idf, POS and LIWC in combination with Random Forest classifier.
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Table 4.1

F1 scores of the Reddit data set for suicidal ideation classification.
Study Data Sample size Model Classifier F1
Aladag generic 385 LIWC, SA ZeroR 0.66
et al., LIWC, SA SVM 0.92
2018 LIWC, SA LR 0.92

LIWC, SA Random Forest 0.89
focused 785 LIWC, SA ZeroR 0.66

LIWC, SA SVM 0.73
LIWC, SA LR 0.81
LIWC, SA Random Forest 0.80

Ji et al., generic 7201 Statistics SVM 0.8116
2018 Statistics+LDA SVM 0.8603

Statistics+LDA+tf-idf SVM 0.8634
Statistics+LDA+tf-idf+POS SVM 0.8727
Statistics+LDA+tf-idf+POS+LIWC SVM 0.9123
Statistics Random Forest 0.7653
Statistics+LDA Random Forest 0.9001
Statistics+LDA+tf-idf Random Forest 0.8954
Statistics+LDA+tf-idf+POS Random Forest 0.9031
Statistics+LDA+tf-idf+POS+LIWC Random Forest 0.938
Statistics GBDT 0.7513
Statistics+LDA GBDT 0.9017
Statistics+LDA+tf-idf GBDT 0.899
Statistics+LDA+tf-idf+POS GBDT 0.8955
Statistics+LDA+tf-idf+POS+LIWC GBDT 0.9478
Statistics XGBoost 0.7664
Statistics+LDA XGBoost 0.9028
Statistics+LDA+tf-idf XGBoost 0.9049
Statistics+LDA+tf-idf+POS XGBoost 0.9133
Statistics+LDA+tf-idf+POS+LIWC XGBoost 0.9133
Statistics MLFFNN 0.7742
Statistics+LDA MLFFNN 0.8631
Statistics+LDA+tf-idf MLFFNN 0.8385
Statistics+LDA+tf-idf+POS MLFFNN 0.9133
Statistics+LDA+tf-idf+POS+LIWC MLFFNN 0.9295
word2vec LSTM 0.9239

Tadesse generic 7201 Statistics Random Forest 0.751
et al., tf-idf Random Forest 0.809
2019 BoW Random Forest 0.786

Statistics + tf-idf + BoW Random Forest 0.841
Statistics SVM 0.79
tf-idf SVM 0.827
BoW SVM 0.811
Statistics + tf-idf + BoW SVM 0.838
Statistics Naïve Bayes 0.713
tf-idf Naïve Bayes 0.761
BoW Naïve Bayes 0.784
Statistics + tf-idf + BoW Naïve Bayes 0.815
Statistics XGBoost 0.761
tf-idf XGBoost 0.841
BoW XGBoost 0.826
Statistics + tf-idf + BoW XGBoost 0.831
word2vec LSTM 0.926
word2vec CNN 0.928
word2vec LSTM-CNN 0.934
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4.2 Microblogs

Microblogs are short textual posts written continuously by an individual that
are usually personal [45]. The readers of these posts are called "followers" [45].
Microblogging platforms like Twitter and Sina Weibo allow people to share short
textual messages on the internet [46]. Twitter users share more then 200 million
posts per day, which are called "tweets" [47]. Founded in 2009, Sina Weibo is the
most popular microblogging service in China, since Twitter is unavailable [46]
[48].

On Sina Weibo, people share their inner thoughts and suicidal ideations on
microblogs called "tree holes" whose authors have committed suicide [49]. One of
these tree holes with over a million posts is under the suicide note of a microblog-
ger called Zoufan, who committed suicide on 17.03.2012 [50]. This microblog
group is also used for the collection of suicidal ideation posts [49] [50].

4.2.1 Detection of Suicidal Ideation on Social Media: Multi-
modal, Relational, and Behavioral Analysis (Ramírez - Ci-
fuentes et al., 2020)

In their study , Ramírez-Cifuentes et al. [41] firstly collected suicide-related sen-
tences from Reddit’s Suicide Watch forum, which were then translated to Spanish
and reviewed by clinical psychologists. To generate a reliable Twitter data set,
they then selected a random sample of 1200 users, who had at least 2 tweets
containing the search phrases that were collected from Reddit. A clinician was
then asked to classify these users into 3 categories: "control" (users who do not
seem to manifest suicidal ideations), "suicidal ideation risk" (users with suicidal
ideation signs) and "doubtful" (cases that the psychologists were unsure about).
A second labeling process was then conducted for the users in the suicidal ideation
risk category, where annotators were provided with the summarized version of
a users profile (SPV), which mainly contained tweets related to suicide and its
risk factors. In order to create the SPV, they developed a short profile version
classifier (SPVC) that applied a BoW model, PCA and logistic regression anal-
ysis and achieved an F1 measure of 0.90. The SPVC was used to identify the
top 15 suicide related tweets with the highest predicted values by the SPVC of
each user. These set of tweets were then evaluated by two additional annotators
as either "suicidal ideation risk" or "control". The authors defined 2 different
control groups of the same size: focused and generic control group (see above for
description).

When comparing the suicidal ideation risk and focused control groups, they
found significant differences in number of friends, median tweet length, overall
ratio, median time between tweets, verbs, verbs conjugated in singular of the first
person (“I”+verb), cognitive mechanisms, anxiety-related terms, usage of personal
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pronouns, usage of the pronoun “I,” negations, terms to express feelings, coursing
terms, the usage of suicide explicit terms, depression-related terms, self-loathing,
substance abuse, self-injuries, and terms expressing lack of social support. There
were also significant differences between the groups for n-grams such as I feel,
sad, kill myself, cry/crying, depression, to die, horrible, anxiety, die, pills, among
others.

When comparing the suicidal ideation risk and generic control groups, they
found significant differences in the median classifier score, the number of tweets
generated, and the median time between tweets. The suicidal ideation group
tended to use terms more related to health and biological aspects, while the
generic control group tended to have more discussions around topics such as
money and work. The use of self-references was also higher in the suicidal ideation
risk group. Both the generic and focused control group tend to tweet more on
weekdays and during the day, whereas the suicidal ideation risk group tended to
tweet more on the weekends and at night.

The authors also developed a classifier trained on images that were extracted
from Instagram which made use of a subset of the phrases and keywords that had
been identified from Reddit. To define the image classifier,they used CNN and
have found significant differences between the suicidal ideation risk and generic
control group.

When comparing the control groups, they found significant differences in
suicide-related lexicons, such as suicide methods, suicide explicit terms, bully-
ing, discrimination, and substance abuse–related terms. They also found signifi-
cant differences in the number of tweets, number of friends, number of followers,
median favorites and retweet counts, overall ratio, polarity score, median time
between tweets, among others.

The classification task results are presented in Table 4.3.

Overall, the authors have made use of information from multiple platforms
(Twitter, Instagram, Reddit) to build a model for SID, defined a SPV to minimize
the noise of writings unrelated to suicide and have shown that the classifiers yield
better results when using generic control groups instead of focused control groups.

4.2.2 Multi-class machine classification of suicide-related com-
munication on Twitter (Burnap et al., 2017)

Firstly, Burnap et al. [51] collected posts from Tumblr, www.recoveryourlife.com,
www.enotalone.com, www.experienceproject.com and www.takethislife.com,
which either have dedicated sections or are designed for discussing suicide. The
resulting 1800 posts were then annotated using the crowdsourcing online service
Crowdflower, where the annotators answered the question "Is this person sui-
cidal?" for binary classification. The authors used the tf-idf method to identify
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terms that appear frequently in tweets that contain suicidal ideations. They then
collected data from Twitter for 6 months using the identified search terms and
at the same time identified names of reported suicide cases in England retrieved
another data set from Twitter using their name and surname as search terms.
Combining both data sets, they produced a random sample of 1000 tweets that
resulted in a data set of 816 tweets after they were annotated.

The authors then defined 5 feature sets: The first one consisted of POS,
structural features such as total number of sentences with negations, general and
affective lexical domains, sentiment score for positivity and negativity and 62
keywords that were derived from the Web. The second feature set made use of
the LIWC text analysis software. The authors then developed a set of regular
expression (RegEx) and pattern matching rules from the posts that were collected
from Tumblr for the third feature set. For the fourth feature set by incorporating
all of the features in the first three feature sets. Finally, they applied PCA to
the fourth set to achieve a new set of linearly uncorrelated features.

A baseline experiment was conducted to test the machine classifiers and ac-
cording to the authors, the results were "reasonable but required refining". To
improve the results, they then used Rotation Forest (RF) ensemble classifier,
which combined Naïve Bayes and SVM classifiers. The machine classification
results for the suicidal ideation class are presented in Table 4.2.

Table 4.2

F1 scores for the suicidal ideation class.
Classifier

Feature Sets Naïve Bayes Decision Tree SVM Random Forest
Set 1 0.603 0.435 0.607 0.525
Set 2 0.579 0.384 0.612 0.493
Set 3 0.588 0.486 0.603 0.519
Combined Set 0.586 0.466 0.614 0.690
Combined Set (PCA) 0.477 0.482 0.411 0.516

After these experiments, the authors made use of the best performing classi-
fiers for a 12 month case study on Twitter, where they had a binary classification
task and a 7-class task, which included suicidal ideation and other suicide-related
topics such as reporting of a suicide, memorial, campaigning and support. For
the 7-class task, out of the systematic sample of 2000 tweets, 3 out of 4 annotators
only agreed on 1121. The classifier achieved 65.29% accuracy with this sample.
For the binary task another systematic sample of 2000 tweets were annotated
and the resulting data set consisted of 1731 tweets. The classifier achieved 85%
accuracy with this sample.

The classifier was then applied to a data set of 1,884,248 tweets from this 12
month period, which contained the 62 keywords and seemed to be in the London
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time zone. The most common category was "flippant reference to suicide", which
means that 48% of these tweets had many of the linguistic features of suicidal
ideation but were written in relation to trivial matters. It was also observed, that
suicidal ideation tweets peaked around the time of widely publicized celebrity
suicides.

Lastly, the authors derived the age and gender of the users that posted suicidal
ideation tweets and found that when compared to the baseline of Twitter users,
there was an under-representation of men using suicidal ideation language, over-
representation of users with unisex names and an over-representation of users
aged between 13-20. More precisely, the age group of 13-20 made out 81.2%
of the users that posted suicidal ideation tweets. They also found a significant
correlation (r=0.11) between the rate of suicidal tweets and female daily suicide
rate.

To conclude, Burnap et al. have developed a machine classifier that success-
fully distinguishes between suicidal ideation and other kinds of communication
related to suicide.

4.2.3 Suicide Related Text Classification with Prism Algorithm
(Chiroma et al., 2018)

For their experiment, Chiroma et al. [52] made use of a previously defined data
set by Burnap et al. (Burnap et al., 2015), which consisted of 1060 tweets that
were categorized into 7 classes. This set of tweets were organized into 3 data sets:
A binary, a three-class and a seven-class data set. The aim was to compare the
Prism algorithm, a classification rule-learning algorithm that was developed by
Cendrowaski in 1987, with other popular machine learning algorithms.

The binary data set contained 289 tweets and the performance of the machine
learning algorithms are presented in 4.3. The three-class data set contained
"suicide", "flippant" and "non-suicide" classes and Prism, Random Forest and
SVM achieved an F-measure of 0.65 for the "suicide" class. The seven-class
data set consisted of "suicide", "campaign", "flippant", "support", "memorial",
"reports" and "other" and the the best F-measure for the "suicide" class was
achieved by Prism with 0.65.

To conclude, the results indicate that the Prism algorithm is also applicable
for SID.

4.2.4 Extracting psychiatric stressors for suicide from social me-
dia using deep learning (Du et al., 2018)

To create a data set from Twitter, Du et al. [53] first selected tweets that included
21 keywords/phrases such as “suicide”, “kill myself”, “want death”, etc. These
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tweets were filtered by stop words such as “hotline”, “suicide bomb”, “suicide
attack”. The tweets were then annotated "positive" if they were related to suicidal
ideation and "negative" if they were discussion of suicide of other people, news
or reports, not related to suicidal ideation, negation of suicide ideation, or other
non-positive tweets. The tweets labeled "positive" were further annotated for
psychiatric stressors.

The authors then trained a CNN based binary classifier, which was used to
further select 3000 tweets with "positive" labels to be annotated for psychiatric
stressors. The CNN model was compared to other widely used machine learn-
ing algorithms, where the models included Glove Twitter embedding for future
extraction. The F1 measures of these classifiers are presented in 4.3.

To extract the mention of stressors in the "positive" labeled tweets, the au-
thors leveraged an RNN based framework. The best F1 score of 0.5325 was
achieved with the GloVe Twitter embedding.

Du et al. also made use of a data set of psychiatric notes, which were an-
notated for stressors. These 946 sentences were used for transfer learning to be
used on Twitter. Also initialized with GloVe Twitter embedding, the best model
trained achieved an F1 score of 0.5014. When the best model trained on the
clinical notes was transferred to initialize the RNN model, an F1 score of 0.549
was achieved.

All in all, the authors made us of deep neural networks for the binary classi-
fication of suicidal ideation on Twitter and also for the extraction of psychiatric
stressors from suicide related tweets.

4.2.5 Supervised Learning for Suicidal Ideation Detection in On-
line User Content (Ji et al., 2018)

Here, the data collection process of the Twitter sample and the experiments on
this data set will be presented. The authors collected tweets from Twitter using
search phrases like "suicide”, “die” and “end my life”. These tweets were then
labeled as "suicide text" if they expressed suicidal thoughts or included potential
suicidal actions. Tweets that were formally discussing suicide, referring to other’s
suicide or were not relevant to suicide were labeled as "non-suicide text". This
resulted in a data set of 10288 tweets.
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Figure 4.3. Twitter Word Cloud. From: Ji et al., 2016, p.4

Figure 4.3 is a word cloud that visualises the frequently used words in the
suicidal posts. The model for the Twitter data set excluded the number of para-
graphs in statistical features, POS, and LIWC features of the text body. The F1
scores achieved by the classifiers are presented in Table 4.3.

Overall, the authors compare the performance of six different feature sets in
combination with six supervised learning algorithms in terms of SID on posts
from Reddit and Twitter.

4.2.6 Validating Machine Learning Algorithms for Twitter Data
Against Established Measures of Suicidality (Braithwaite
et al., 2016)

For their experiment, Braithwaite et al. [54] first selected 135 participants (85 fe-
male, 50 male) from Amazon’s Mechanical Turk (MTurk, www.mturk.com), who
provided their Twitter handle and had their psychological functioning assessed
through the Depressive Symptom Inventory–Suicide Subscale (DSI-SS), Acquired
Capability for Suicide Scale (ACSS) and The Interpersonal Needs Questionnaire
(INQ). All of the tweets of each participant were combined into a single file and
analyzed with LIWC. To increase interpretability, the authors opted for decision
tree learning and achieved an F1 score of 0.62 with their model (see Figure 4.4).
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Figure 4.4. Decision Tree Learning Model. From: Braithwaite et al., 2016, p.5

In the first split, individuals that had a score higher then 1.46 in the "achieve"
category of LIWC were labeled as non-suicidal. These were individuals that made
use of achievement-related words more then the average person. The next node
categorized the participants that had a score higher then 0.24 in the "religion"
category of LIWC as non-suicidal. These participants used religion-related words
more then usual. The final split was the "relativity" category of LIWC. Individ-
uals who used words like "area", "bend", "exit", "walk", "down", "day", etc.
more often were labeled as non-suicidal.

In conclusion, Braithwaite et al. made use of a decision tree model to show
that machine learning algorithms are able to differentiate people in terms of
suicide risk by making use of Twitter data.

4.2.7 Detecting suicidality on Twitter (Odea et al., 2015)

In their study, Odea et al. [55] first collected data from Twitter using previously
defined search phrases related to suicide, such as "suicide", "kill myself", "my
suicide note", "want to die", etc. These tweets were then annotated into three
categories by three mental health researchers and two computer scientists. The
categories were "strongly concerning", which meant that the tweets reflected
strong suicidal ideation, "possibly concerning", which was the default category
when the annotators were in doubt, and "safe to ignore", which was chosen when
there was no indication of suicide risk.
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For the model training, three different variations of feature extraction were
explored: One of them was similar to a BoW approach, the other one made use
of tf-idf and the last one filtered out words that had a document frequency of
over 0.7. SVM and Logistic Regression algorithms were tested in combination
with these features on a data set of 1820 tweets. The best performing model
was the SVM algorithm in combination with the tf-idf method, which achieved
an F1 score of 0.64 for the "strongly concerning" class. For the classes "possibly
concerning" and "safe to ignore", the model achieved an F1 score of 0.83 and
0.62 respectively.

To conclude, the authors showed that machine learning algorithms are a viable
way to differentiate the level of concern among suicide-related tweets.

4.2.8 Natural Language Processing of Social Media as Screening
for Suicide Risk (Coppersmith et al., 2018)

For their study, Coppersmith et al. [38] have combined data from two sources:
The first one is data donated through OurDataHelps.org, where people allow
access to data from their social media, wearables, etc. and fill out questionnaires
regarding demographic information, mental health history and previous suicide
attempts. From OurDataHelps.org, the authors collected data from 186 users who
have attempted suicide and 186 more that did not with similar demographics.
The second data source is users that talk about their past suicide attempts on
social media. The authors examine these statements to deduce the date of their
suicide attempt and extract public data prior to it. They also found matched
controls to this data by examining Twitter for users with the same demographics.
The final data set had 418 users who had previously attempted suicide. With
the addition of the control data, the final data set consisted of 395 230 posts.

The authors made use of deep learning model that included GloVe embeddings
to analyse the language of the posts. This model achieved an AUC of 0.89,
when it only used data for the month prior to the suicide attempt to make
the classification. The AUC was 0.93, when it used data 6 months prior to
the attempt. The fact that the performance is comparable suggests that the
algorithm captures trait-level risk of suicide (i.e. risk of suicide over a long period
of time) rather then state-level information (i.e. short period risk).

In conclusion, the authors showed that deep learning algorithms are able to
successfully detect users at risk of attempting suicide.
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4.2.9 Latent Suicide Risk Detection on Microblog via Suicide-
Oriented Word Embeddings and Layered Attention (Cao
et al., 2019)

In their study, Cao et al. [49], first construct a data set of 252,901 posts from
the Sina microblog to generate their own suicide-oriented word embeddings. For
this, they enrich preexisting word embeddings with domain information, for which
they employ a masked-classification task. This task involves replacing all suicide
related words in a suicidal ideation post with the word "mask" and labeling it
as "non-suicidal". The sentences labeled as "suicidal" only contain randomly
inserted "mask"s. This also prevents the classifier from labeling sentences just
by whether it includes the word "mask".

They then develop a Suicide Detection Model (SDM), which employs suicide-
oriented word embeddings, an LSTM layer to extract text features, a layer that
extracts image features and a layer that extracts user features such as gender,
screen name length, post count, follower count, following count, number of posts
with picture and posting time.

The authors then constructed two data sets from Sina Weibo. The first
one consisted of 190087 pieces of text from the microblog group under Zoufan’s
online suicide note. These were annotated by four doctoral students majoring in
computational mental healthcare as "at suicide risk" if they expressed suicidal
thoughts more then 5 times on different days and "not at suicide risk" otherwise.
This data set was not considered in the suicide risk detection model. The second
data set consisted of 252,901 suicidal and 491,130 non-suicidal posts.

Three sets of experiments were conducted: The first one compared the perfor-
mance of LSTM and SDM in combination with seven different word embeddings.
The results of the first experiment are presented in Table 4.3. Then, a compar-
ison of LSTM, SDM, SVM and Naïve Bayes was made on the full test set of
6000 pieces of text (600 users’ most recent 100 posts) and another harder subset
of 1300 pieces of text, which was filtered from the original test set. This con-
tained 130 users at suicide risk, who did not show obvious suicidal ideation on
their posts that were not under Zoufan’s online suicide note, creating a focused
control group. The machine learning classifier results are presented in Table 4.3.
Finally, the authors made an ablation test of SDM and the results of the test are
presented in Table 4.3.

All in all, the authors developed a suicide-oriented word embedding and a
new SDM and compared their performance to other popular word embedding
methods and classifiers.
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4.2.10 Topic Model for Identifying Suicidal Ideation in Chinese
Microblog (Huang et al., 2015)

For their study, Huang et al. [31] identified publicly reported suicide cases between
2011 and 2014 and collected their data from Sina Weibo. This data was then
annotated by six experts as suicidal if it was voted by at least 3 of them. It was
annotated as "non-suicidal" otherwise. This resulted in a total of 7314 posts, 664
of them being "suicidal".

The authors then constructed an extended suicide lexicon by running word2vec
on 100 million microblogs. They categorized the collected suicide words and
phrases corresponding to 12 suicide warning signs. They also extended their lex-
icon by adding self-reference words such as "I", "me", etc. These would co-occur
more often with suicidal ideation words in suicidal posts then non-suicidal posts.

For their machine learning model, they included several features: Knowledge
based features (number of positive, negative, suicide words and reference words
in line with the extended lexicon), syntactic features extracted using POS, topic
modeling using LDA, advanced topic model which incorporates sentiment dictio-
naries as extra layers, posting type (original creation or retweet), posting time,
social relationships and n-grams.

The authors first compare the F1 scores of models using LDA with different
number of topics ranging from 100 to 1000 and the suicide lexicon. LDA with 900
topics yielded the highest F1 score with 0.603. They then test out the advanced
topic model with different numbers of topics and 500 topics yielded the highest
F1 score with 0.762. This reflects a significant improvement from the original
topic model with LDA.

They then test several classifiers using all of the features described above with
500 topics. The F1 scores of these classifiers are reported in Table 4.3.

In conclusion, the authors developed an extended suicide lexicon and an ad-
vanced topic model to increase the performance of classifiers for SID and com-
pared different machine learning algorithms to identify the best performing one.

4.2.11 Proactive Suicide Prevention Online (PSPO): Machine
Identification and Crisis Management for Chinese Social
Media Users With Suicidal Thoughts and Behaviors (Liu
et al., 2019)

For their study, Liu et al. [50] collected comments left on Zoufan’s online suicide
note and 10000 posts without suicidal thoughts and behaviors. The resulting
27007 comments were annotated by 5 psychology postgraduates to use as the
training sample. A binary classification model was tested in combination with n-
gram features, domain knowledge features (DKF) making use of a generic suicide-
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related lexicon and theory motivated features (TMF) including personal traits
and depression. The performance of the machine learning models are reported in
Table 4.3.

After identifying the suicidal ideation posts from the test sample using the ma-
chine learning algorithms, the authors contacted the 12486 users who expressed
suicidal ideation via direct message. 4318 of them completed the assessment
protocol, which consisted of the two questions “Do you have a plan to commit
suicide?” and “Have you ever attempted suicide?”, and the 9-Item Patient Health
Questionnaire (PHQ-9) [56]. Help-seeking behavior and the acceptability of this
proactive help program was also measured. The participants were mostly female,
students or unemployed, single and had a college degree.

The respondents showed moderately severe depressive symptoms on the PHQ-
9, most of them thought they would be better of dead and nearly half of them
had a suicide plan. Out of the 1403 valid samples, 545 had attempted suicide and
two thirds of the participants had not received any psychological treatment in the
past. Two thirds of them found the help through direct messaging acceptable.

To assess the effectiveness of the direct message, the authors analysed the
language of the respondents social media posts one month after the completion
of the program and compared it with one month prior the onset of the program.
For this, they used the Simplified Chinese Linguistic Inquiry and Word Count
(SCLIWC), which is the modified version of LIWC to function better in Sim-
plified Chinese. They found that the use of death related words in their posts
significantly declined and the use of future-oriented words significantly increased
after completion of the program.

Overall, the authors tested out machine learning models for SID from Sina
Weibo and created a proactive suicide prevention program. They found that
by providing crisis management to individuals identified as at risk by the ma-
chine learning algorithms, they were able to change the language use of the users
significantly, which indicates some primary evidence for the efficacy of the PSPO.

4.2.12 Binary Suicidal Ideation Classification Results for Mi-
croblog Data Set

The F1 scores of the machine learning models tested by [41], [52], [53], [43], [49], [31]
and [50] are presented in Table 4.3. Out of these studies, the best F1 score of
0.9646 was achieved by Ji et al. with a model that integrated statistical features,
LDA and tf-idf in combination with Random Forest classifier.
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Table 4.3

F1 scores of the Microblog data set for suicidal ideation classification.
Study Platform Data Sample size Model Classifier F1
Ramírez- Twitter generic 448037 BoW, full profile MLP 0.81
Cifuentes word embeddings, full profile CNN 0.82
et al., BoW, SPV MLP 0.86
2020 word embeddings, SPV CNN 0.82

SNPSY LR 0.87
BoW+SNPSY LR 0.87

focused 1080228 BoW, full profile MLP 0.79
word embeddings, full profile CNN 0.79
BoW, SPV MLP 0.83
word embeddings, SPV CNN 0.82
SNPSY LR 0.85
BoW+SNPSY LR 0.85

Chiroma Twitter generic 289 BoW DT 0.79
et al., BoW Random Forest 0.81
2018 BoW Naïve Bayes 0.69

BoW SVM 0.80
BoW Prism 0.85

Du et al., Twitter focused 3000 GloVe embedding CNN 0.83
2017 GloVe embedding SVM 0.81

GloVe embedding Extra Trees 0.79
GloVe embedding Random Forest 0.77
GloVe embedding LR 0.80
GloVe embedding Bi-LSTM 0.81

Ji et al., Twitter generic 10288 Statistics+LDA+tf-idf Random Forest 0.9646
2018 Statistics+LDA+tf-idf GBDT 0.9503

Statistics+LDA+tf-idf XGBoost 0.9597
Statistics+LDA+tf-idf SVM 0.9497
Statistics+LDA+tf-idf MLFFNN 0.9421
Statistics+LDA+tf-idf LSTM 0.9059

Cao et al., Sina Weibo generic 6000 suicide-oriented-FastText LSTM 0.881
2019 suicide-oriented-FastText SVM 0.69

suicide-oriented-FastText Naïve Bayes 0.701
focused 1300 suicide-oriented-FastText SVM 0.641

suicide-oriented-FastText LSTM 0.753
suicide-oriented-FastText Naïve Bayes 0.622

Huang Sina Weibo generic 7314 LDA SVM 0.603
et al., LDA+SA SVM 0.762
2015 LDA+SA+meta features SVM 0.768

LDA+SA+meta features Logistic 0.53
LDA+SA+meta features J48 0.80
LDA+SA+meta features Random Forest 0.713
LDA+SA+meta features Random Tree 0.677
LDA+SA+meta features Decision Table 0.746

Liu Sina Weibo generic 387823 n-gram SVM 0.83
et al., n-gram+DKF SVM 0.84
2019 n-gram+DKF+TMF SVM 0.85

n-gram Decision Tree 0.74
n-gram+DKF Decision Tree 0.76
n-gram+DKF+TMF Decision Tree 0.76
n-gram Random Forest 0.80
n-gram+DKF Random Forest 0.79
n-gram+DKF+TMF Random Forest 0.78
n-gram LR 0.83
n-gram+DKF LR 0.83
n-gram+DKF+TMF LR 0.84



Chapter 5

Discussion

In this section, I will first provide a summary and comparison of the studies pre-
sented in the results section. Further, I will be discussing some of the limitations
of the presented studies, such as the lack of intention understanding, data defi-
ciency, annotation bias and the lack of generalizability of the results. I will then
go on to talk about some of the ethical concerns that come up from conducting
mental health research from publicly available social media data, including in-
formed consent, sensitive data and anonymity. Finally, I will be discussing how
the findings from these studies can be applied for suicide prevention, which is the
main goal of automatic SID from social media posts.

When looking at the studies that made use of data from Reddit, Tadesse et al.
compared traditional machine learning algorithms and deep learning methods in
terms of their performance on SID and found that deep learning methods yielded
better results than the traditional classifiers. A combination of LSTM and CNN
was the best performing out of the deep learning models and Random Forest
was the best performing traditional classifier. Aladag et al. not only tested out
traditional classifiers for binary classification but also validated the assumption
that all posts in SuicideWatch are suicidal and all posts in the ShowerThoughts
subreddit are non-suicidal, which is useful for further research on SID on Reddit.
They not only tested their classification models on generic data sets but also
on focused data sets where it is harder to distinguish between suicidal and non-
suicidal posts. LR and SVM performed best on the generic data set, while LR
yielded the best results for the focused data set. De Choudry et al. collected
data from even more subreddits and identified different measures that signal the
transition from discussing mental health topics not related to suicide to talking
about suicide. They also developed a machine learning algorithm with the aim
of projecting this shift. Ji et al. compared the performance of traditional and
deep learning algorithms on data collected both from Reddit and Twitter.

Regarding the studies that collected data from Twitter, Ramírez-Cifuentes et
al. included multi-platform information for their SID model and developed a SPV
which is useful for reducing the noise caused by writings unrelated to suicide. The
best performing classifier for both control groups was LR. They also identified

31
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the differences between suicidal ideation risk groups, focused control groups and
generic control groups. Burnap et al. also developed a machine learning model to
differentiate between suicidal ideation and other types of communication related
to suicide. Chiroma et al. proposed a new algorithm called Prism to be used
for SID and compared it to other traditional machine learning algorithms and
found that the Prism algorithm performed better than them. Du et al. used deep
neural networks for binary classification of suicidal ideation and also identified
psychiatric stressors from suicide related tweets. They reached the best results
with the Bi-LSTM classifier. Braithwaite et al. used a decision tree model to
distinguish between people in terms of their suicide risk where they achieved an
F1 score of 0.62. Odea et al. used machine learning classifiers to differentiate the
level of concern between suicide-related tweets. Coppersmith et al. also made
use of deep learning algorithms and were able to successfully identify users at
risk of suicide 6 months prior to their suicide attempt.

When looking at the studies that used data from Sina Weibo, Cao et al.
developed a suicide-oriented word embedding and a new SDM to compare to
other widely used word embedding methods and classifiers. They tested out
their models on both generic and focused data sets and reached the best F1
scores with the LSTM classifier on both data sets. Huang et al. developed an
extended suicide lexicon and an advanced topic model to improve the performance
of classifiers for SID. Using these, the best performing model reached an F1 score
of 0.8 with a J48 classifier. Liu et al. compared machine learning models in terms
of performance for SID and the best performing classifier was SVM with an F1
score of 0.85. They also developed a proactive suicide prevention program, which
successfully changed the language use of suicidal users.

Overall, deep learning algorithms performed better than traditional classifiers
in terms of SID on both long and short format posts. Including more features
in the model also generally improved the performance of the classifiers. Further,
using a focused control group resulted in lower F1 scores compared to generic
control groups.

5.1 Limitations

One of the major limitations of the studies on suicidal ideation detection is that
the exact mental health status of the users who are classified by the algorithms
as expressing suicidal ideation are unknown [53]. The fact that a user made a
suicidal ideation post does not indicate with certainty that the person is suici-
dal. Also, because in most studies there is no data on whether the user who
made a suicidal ideation post actually attempted suicide [23], the algorithms can
not predict an actual suicide attempt, but only suicidal ideation. This results
in a lack of intention understanding. The causes behind suicidal behavior are
an interaction of many different factors, including age, culture, cognitive and
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social factors, personality and negative life events [57]. The machine learning
algorithms learn statistical clues from online textual content to predict suicidal
ideation but fail to understand the reasoning behind the posts [12]. Making use
of temporal information (i.e. users posts over time) could help better understand
the stages that lead to a suicide attempt [12], as it would integrate the change in
mental status of a user in the prediction model. Future research on SID should
make an effort to differentiate between suicidal ideators and suicide attempters
and incorporate the psychology of suicide in their models. This way, we can
improve our understanding of what leads to behavioral enactment, which would
assist the development of effective prevention and intervention methods [57].

Another limitation of these studies is data deficiency. Most of the prediction
models make use of supervised learning, which requires manually annotated data.
Unfortunately, the amount of labeled data available is not sufficient for further
research [12]. Future efforts should be made towards creating a reliable labeled
data set, which ideally also includes demographic information, multimodal data
and data with social relationships.

Annotation bias is also a concern when it comes to labeling data for supervised
learning. Using crowdsourcing based annotation makes it harder to minimize the
biases caused by manual annotation, even though it is a practical way of creating
a big data set. Studies try to counteract this by using predefined annotation
rules [43], having multiple annotators [42] and having clinician annotators [41]
but the annotators still do not reach a full agreement in most cases, although the
agreement rate is generally around 70-90%. Defining standardised annotation
rules for SID could help negate annotation bias and provide a basis for future
studies.

Finally, in many cases, the demographic information of the users are unknown,
since they are not provided by the social media platform. Users who do not have
social media accounts or do not make their accounts public are also excluded
from the analysis, which presents another limitation caused by difference in the
nature of the users [41]. Also, in the studies that have demographic information
included in their data, it is observed that there is an over-representation of fe-
males [38] [50] [51]. These factors lower the representativeness of the data and
make it harder to generalize the results.

5.2 Ethical Concerns

Social media platforms present a great opportunity for automatic SID research
with massive amounts of data being available online for use. The availability
of public data also comes with a series of ethical concerns regarding consent,
anonymity and the protection of sensitive data when conducting mental health
research.
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The mental health research community has existing guidelines for ethical
practices in human participant research based on past experiences and public
debate. In the USA, all human participant research "must be approved by a
committee of at least five persons, with at least one member from outside of
the institution". This committee is the Institutional Review Board (IRB). For
countries that are part of the European Union, ethics committees serve the same
purpose [58]. Since observational social media research from publicly available
data is not considered human subject research, it is exempt from a full review by
the IRB [59]. Because of this, it is the researchers responsibility to obtain and
use the publicly available data to the highest possible ethical standards [60].

In traditional research approaches, informed consent for example is built into
the research design [61]. In social media research however, the participant is
generally not aware of their participation. A key argument against this is that
the users had to agree with the terms and conditions of the social media platform,
which states that their data can be accessed by thirds parties. Nevertheless, some
aspects of informed consent such as the right to withdraw become complicated
when a user deletes a post or their account and the researcher is not aware of
it [60]. In this scenario, it is not clear if this means that user withdraws from the
study. Still, it is not feasible to obtain consent from each individual when the
research involves millions of users [62]. It could also effect the users behavior [53],
which would change the results of the study.

SID research involves sensitive data that entails information about peoples
mental health, which might cause the individual embarrassment and reputation
damage when revealed to new audiences. In particular, republishing of quotes
may expose the identity of users, as they can easily be traced back by search
engines [59]. This might also be a problem if the sensitive information are used
by employers or insurance companies against the interest of people [41]. Because
of this, proper protection of the data by restricting access to sensitive data and
separating annotations from user data is essential [58].

In traditional research approaches, it is also more straightforward to make the
data anonymous, whereas with social media data the anonymisation procedure is
also more complex [60]. Users may be aware that their information is public, but
they still might have intended it to be for a small audience [58]. To minimize the
risk for users, the reproduction of posts in publications and during presentations
should be avoided [60] by removing usernames and profile pictures, paraphrasing
the original posts and using synthetic samples if possible. It is also considered
good practice to leave out the identity of the user or other sensitive information
if it is not needed for the analysis [58].

Overall it is reasonable to say that social media users’ expectation of privacy
should be on par with the intent and statement of privacy of a platform [59]. An
example of this is the privacy policy of Twitter: "Twitter is primarily designed
to help you share information with the world. Most of the information you
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provide us through Twitter is information you are asking us to make public. . .
Our default is almost always to make the information you provide through the
Services public for as long as you do not delete it, but we generally give you
settings or features, like protected Tweets, to make the information more private
if you want." [63]. Taking this into account, it is the researchers responsibility to
handle the social media data accordingly and minimize the risk of harm for the
user.

5.3 Application to Suicide Prevention

The principal goal of automatic SID from social media is identifying individu-
als who are at risk of committing suicide to prevent them from acting on their
suicidal thoughts. A longitudinal study conducted in the US between 2009-2001
shows that the majority of people who attempted suicide made a healthcare visit
within a year before their attempt [64]. When an individual engages with a
mental health professional, the clinician administers a standardized risk assess-
ment, which is usually the Beck’s Scale for Suicide Ideation [38]. The first 5
items of this questionnaire screens the patients attitude towards dying and items
no. 6-19 are used only for patients who express an active or passive wish to
attempt suicide [65]. The screening is designed to identify suicidal individuals
and direct them to treatment [66]. This infrastructure of suicide risk assessment
and intervention requires firstly the interaction of the individual with the health-
care system, secondly for the healthcare professional to decide that a suicide risk
screening is a worthy use of time and finally for the individual to be willing to
to disclose their suicidal thoughts [38]. Since improving suicide risk assessment
is a part of suicide prevention [66], this process emphasises the requirement of a
way to screen individuals outside the context of the healthcare system, especially
the identification of signals associated with suicidality that are less obvious then
explicit disclosure [38].

Automatic SID could be incorporated in the existing healthcare system by
giving access to the healthcare provider the results of the risk assessment made by
the machine learning algorithms from the individuals social media data, where the
individual authorises the analysis of their data and the access of the healthcare
professional to the results of it [38]. This could help identify at risk individuals
who do not explicitly disclose their suicidal thoughts. Another way of integrating
automatic SID in the healthcare system would be through a screening tool that
proactively identifies suicidal individuals in the general population from publicly
available data, which would require public discussion of the ethical considerations
before they can be implemented [38].

Another method of intervention proposed by [12] and [50] is proactive conver-
sational intervention. Here, individuals who are detected by the machine learning
algorithms as expressing suicidal ideation are contacted for example via a direct
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message. The contents of this message would include emotional and informational
support, URLs for assessment protocols on suicidal thoughts and behaviors, de-
pressive symptoms, and help-seeking behaviors and a way to contact a mental
health professional. Liu et al. have shown that PSPO was an effective way of
providing crisis management, which contacted users who were identified as at risk
by their model through a direct message. For messages that are tailored to the
individual, natural language generation techniques could be employed that gen-
erate counseling responses. Automatic response generation could be a promising
method of intervention that could be implemented in the future.
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