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Abstract

Suicide memes have recently attracted increasing attention
from the public. The visual stimulus and the humorous na-
ture of memes, which seem contradictory to serious suicide-
related topics, lead to a lack of understanding of how this new
expression differs from general serious suicide notes. Focus-
ing on the r/SuicideMeme Reddit community, we present
a computational quantitative study to better understand sui-
cide memes. Our findings revealed users’ visual preferences
for suicide memes: fewer and smaller faces, less colorful,
sharper and higher contrast images, along with sadder, more
fearful, angrier, and higher-arousal overlaying text. We found
that these features impact user interactions to different de-
grees, with — for example — the existence of faces associ-
ated with a 10.6% decrease in the expected number of com-
ments. Using topic modeling, we also discovered that user
perceptions of suicide memes in r/SuicideMeme were
mostly favourable. Further, we developed prediction mod-
els to identify suicide memes that achieved an accuracy of
80.04% and an F1 score of 80.75%. To the best of our knowl-
edge, this is the first computational quantitative empirical
study on suicide memes on social media. We believe our
study provides a deeper understanding of the characteristics
and motivations behind suicide memes, and insights for de-
signing more effective moderation strategies for such content.
Content Warning: This paper discusses the sensitive topic of
suicide and contains suicide-related content.

Introduction

Social media has received significant attention from re-
searchers over the last two decades and is increasingly uti-
lized to help understand mental health status and outcomes,
such as depression, anxiety, and suicidality (Le Glaz et al.
2021). As of July 2024, the number of social media users
worldwide had reached 5.17 billion (DataReportal 2024),
making up 63.7% of the total global population. The vast
and diverse content on social media provides significant po-
tential for researchers to uncover and understand behavioral
and linguistic markers of mental health status, which in turn
can help cast light on mental health processes and risk fac-
tors (Chancellor and De Choudhury 2020).

Social media also benefits from its multimodality, allow-
ing users to express themselves in various forms, such as
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text, images, videos, and emojis. This rich multimodality not
only can capture more nuanced and dynamic emotions but
also facilitates communicative interactions in online com-
munities (Jovanovic and Van Leeuwen 2018). Specifically,
the Internet meme (meme) is a distinctive format that has
emerged in social media, that consists of a visual repre-
sentation (images, GIFs), typically in the form of a hu-
morous or ironic joke that is recontextualized from popular
trends (Gupta et al. 2021). Since memes are highly repro-
ducible, easily adapted, and rapidly disseminated (Davison
2012), they have become pervasive on social media and have
evolved into a new and accepted form of communication.
More than 60% of social media users share memes (Tama-
Rutigliano 2018), and they are even more popular among
young people, as they serve as “a vessel of communication,
a signifier of the comedic zeitgeist, and a device for chan-
neling the inherent anxieties of youth.” (Habib 2020).

Suicide, the third leading cause of death among 15-29-
year-olds (WHO 2024), has long been a concerning topic
on social media, given the existence of online communities
where individuals with suicidal thoughts both share their sui-
cide ideation and seek help (Robinson et al. 2016). While
these expressions are often serious as opposed to humorous,
we do observe that darkly humorous suicide memes have
become a common phenomenon across social media plat-
forms. Here, we define “suicide memes” as internet memes
that include elements or content related to suicide in images
(whether through visual objects or overlay text), as shown
in Figure 1. For instance, the subreddit r/SuicideMeme,
which was created in 2017 for sharing memes containing
suicide-related content, has gained considerable attention. It
now reaches 18,000 active members and ranks in the top 5%
of Reddit communities by size (Reddit 2024b).

However, despite the growing popularity and impact of
suicide memes, current research on this novel content re-
mains limited. Most suicide-related studies on social media
are solely focused on text or network features, and the role of
visual images has rarely been explored (Badian et al. 2023).
Although some studies have included images in developing
models for suicide risk detection (Badian et al. 2023; Chat-
terjee et al. 2022), these studies were usually focused on im-
ages more generally rather than specific suicide memes. It
is unclear how the use of images for suicide-related com-
munication differs from using text, or how these suicide



Figure 1: Synthetic examples of suicide memes.

images differ from other images in general. Only recently
have studies begun to focus on suicide memes, exploring
the perceptions and attitudes towards suicidality in the con-
text of meme culture (Smith and Linker 2021; Nicomedes
et al. 2024; Weiser and Alam 2022). These studies identi-
fied a potential mixed impact of suicide memes. While the
public may view suicide memes as harmful content, poten-
tially triggering suicidal ideation, some researchers argue
that the humorous nature of memes might diminish their sui-
cidogenic potential (Schott 2023). For example, Nicomedes
et al. (2024) have found individuals not experiencing suici-
dal ideation expressed negative reactions to suicide memes,
while those with suicidal ideation found them amusing,
soothing or cathartic. However, given that these studies were
conducted on relatively small sample sizes through surveys
and questionnaires, there remains a gap in understanding and
analyzing suicide memes comprehensively.

In addition, gaining a better understanding of the charac-
teristics of suicide memes is important for social media plat-
forms to design effective moderation strategies for suicide-
related content. However, current moderation strategies for
suicide-related content are often focused on detecting and
limiting users’ access to what are assumed to be straight-
forwardly harmful posts (Zhang et al. 2024); active mod-
eration of images is limited, only focusing on images that
explicitly indicate suicide risks (e.g., bleeding wounds, cut-
ting wrists), and does not take into account the increasing
popularity of suicide memes. In some circumstances, suicide
memes, given that they are often dependent on humor and
the use of visual metaphors, are more difficult to identify.
Thus, it is necessary to investigate the unique characteristics
of suicide memes and develop specific detection models for
them. A further complicating factor is that suicide memes
may have different impacts — helpful or harmful — for dif-
ferent cohorts, and therefore adopting a policy of removing
all suicide-related memes has the potential unintended con-
sequence of limiting access to what, for some individuals at
least, may be actively helpful content. We need to further un-
derstand how suicide memes impact users in order to design
more nuanced and dynamic moderation strategies.

Therefore, this study aims to address the above gaps by
answering the following research questions:

* RQ1: Do the features of suicide and non-suicide memes
differ and if so, how?
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¢ RQ2: To what extent do features in suicide memes asso-
ciate with user interactions within the online community?

* RQ3: What are the perceptions of and attitudes toward
suicide memes within the online community?

* RQ4: How accurately can suicide memes be identified
among memes?

To address these questions, we created a suicide
meme dataset from Reddit subreddit r/SuicideMeme
(N=1967), and a control group of general memes from
r/memes (N=2380). We extracted multiple visual and tex-
tual features and applied statistical hypothesis tests to dis-
cover distinguishable features between the two groups. Fur-
ther focusing on suicide memes and their online community,
we explored how these features impact user interactions, and
how users perceive these memes using negative binomial
regression models and topic modeling. Finally, we experi-
mented with different machine learning models to predict
suicide memes using the extracted features.

Main Findings Overall, we found the following:

* Compared to general memes, suicide memes tend to
have lower entropy, fewer faces with smaller regions,
but higher sharpness and contrast balance in the images.
The text overlaid expressed higher sadness, fear, anger,
arousal and word counts (RQ1).

» The presence of faces in suicide memes is significantly
associated with a 10.6% decrease in the expected number
of comments, and emotions and arousal in the text also
contribute to user interactions at different levels (RQ2).

* Individuals within the suicide meme online community
held generally favourable views about suicide memes
since they allowed them to release their burdens with hu-
mor and in a relatable manner, but there were also some
negative feelings about these memes (RQ3).

* Our prediction models, which use extracted features for
predicting suicide memes among memes, have achieved
an accuracy of 80.04% and F1 of 80.75%, outperforming
the baseline by 32.82% and 34.07%, respectively (RQ4).

Contributions To the best of our knowledge, this is the
first study to use computational methods to understand sui-
cide memes. This work could serve as a basis for further
exploration of this relatively new form of suicide-related
expression. By uncovering the distinct characteristics and
users’ perceptions of suicide memes, our findings can pro-
vide valuable insights for fostering safer online discussions
about suicide, designing more targeted intervention and
communication strategies for individuals, and informing the
development of effective, nuanced moderation strategies for
suicide-related content on social media.

Background and Related Work
Internet Memes

The term “meme” was first proposed by the biologist
Richard Dawkins in 1976 as “the unit of cultural transmis-
sion that can replicate itself through imitation” in human
evolution (Dawkins 2016). More recently, and in the con-
text of social media use Davison (2012) defined memes as
“a piece of culture, typically a joke, which gains influence



through online transmission”. On social media platforms,
memes can take many forms and serve various purposes,
such as light entertainment, political promotion, or as a vehi-
cle for self-expression (Literat and Kligler-Vilenchik 2019).
In the last decade, memes have become increasingly popu-
lar, with 75% of 13 to 35-year-olds sharing memes (YPulse
2019), a development that has attracted interest from many
research areas such as marketing (Malodia et al. 2022), pol-
itics (Dean 2019), and healthcare (Wasike 2022; Langford
et al. 2022). Researchers have highlighted its role in collec-
tive identity (Dynel and Chovanec 2021). Users in online
communities often create memes characterized by humor
and inside jokes, which typically contain exclusive commu-
nity knowledge that is not familiar to general users in an
easily identifiable fashion (DeCook 2018). Through memes,
users establish a relational identity that bonds with other
users in the community communicating “I’'m part of this”,
or “I feel you”, thus building a greater attachment and con-
nection to their community (Newton et al. 2022).

Suicide Memes

Suicide memes can be found in multiple formats and social
media platforms, typically with humor and irony. Figure 1
shows examples of such suicide memes. They typically in-
clude content expressing a desire for suicide, feelings of de-
pression and anxiety, or even imagined scenarios involving
specific suicide methods. Suicide memes are common on so-
cial media. The subreddit r/SuicideMeme is in the top
5% of Reddit communities by size. Even on platforms like
Facebook and Instagram, which aim to disable searches for
content using suicide-related keywords, there are still nu-
merous pages and accounts sharing suicide memes, many
with several thousand followers (Chateau 2020).

Despite the growing presence of suicide memes, there is
a significant gap in understanding the sharing and functions
of these memes within both suicide memes and general com-
munities. Past studies have explored memes related to men-
tal health issues, such as depression (Akram et al. 2020; Ya-
dav et al. 2023), anxiety (Wasike 2022; Akram et al. 2021),
but with little attention given to the possibility that these
memes may also be suicide-related. Therefore, these studies
often do not explore the specific dynamics of suicide memes,
leaving a gap in understanding their unique characteristics
and potential impact. Recently, researchers have begun to
focus specifically on suicide memes, exploring their impact
and how they are perceived. For instance, Weiser and Alam
(2022) found that suicide memes might decrease sensitivity
to suicide, potentially normalizing the concept among users.
Perez (2019) suggested that suicide memes reflect the “an-
tifuture” attitude of those posting them, while Nicomedes
et al. (2024) argued that suicide memes can be therapeutic
and soothing. These findings suggest a currently unexplored
dual role for suicide memes with both negative and positive
effects on users.

Suicide Prevention on Social Media

There is much research on suicide prevention on social me-
dia, and most relevant to our study is (1) user disclosure and
interactions, and (2) detection and moderation.
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User Disclosure and Interactions The disclosures and in-
teractions of individuals with mental health issues on so-
cial media has received much attention from researchers
in recent years (Naslund et al. 2020). Benefiting from the
anonymity and accessibility of social media, studies have
shown that these platforms offer a rich space for individ-
uals to express negative emotions related to suicide, share
their personal experiences and thoughts, and seek support
from the community (Davies et al. 2024). However, this on-
line suicide disclosure also carries certain risks. Studies have
examined the phenomenon of negative emotion contagion
through online interactions (Goldenberg and Gross 2020;
Mueller and Abrutyn 2015). For example, a group of users
showed a higher level of emotional distress after being ex-
posed to other’s suicide attempts and were more likely to
report suicidality (Mueller and Abrutyn 2015).

Moreover, the ease with which memes can be rapidly
transmitted between users may further exacerbate the con-
tagion of negative emotions (Guadagno et al. 2013). For ex-
ample, Akil, Ujhelyi, and Logemann (2022) found that ex-
posure to depression memes can increase depressive mood.
Given this, it is important to identify and understand dis-
tinctions in user disclosures and interactions across different
suicide-related online communities. Yet, few studies have
focused on online communities for suicide memes, which
often present a unique intersection of dark humor and men-
tal health issues. These communities may exhibit different
patterns of user interaction and emotional expression.

Detection and Moderation Considering the potentially
harmful impact of suicide-related content on social media,
researchers are also working on automatically detecting rel-
evant posts and designing corresponding moderation strate-
gies to improve online safety. Researchers have applied nat-
ural language processing and machine learning techniques
to detect quantifiable characteristics on social media posts
and developed models to predict suicide-related content (Ji
et al. 2021; Matero et al. 2019; Sawhney et al. 2020). Re-
cently, multimodal approaches including both images and
audio were proposed to enhance detection ability (Chatter-
jee etal. 2022; Badian et al. 2023). Once suicide-related con-
tent is detected, the current strategy of most platforms is to
limit the user access to such content, either directly deleting
them on the platform, or presenting warnings with self-help
resources to replace risky content (Zhang et al. 2024).
However, to the best of our knowledge, there are no cur-
rent detection models or moderation strategies specifically
focusing on suicide memes. Compared to general suicide-
related images (e.g., self-harm scars), suicidal ideation in
suicide memes is often masked by humor, making them
harder to detect by existing models. Furthermore, current
moderation strategies may not be appropriate for handling
suicide memes. While suicide content in suicide memes may
negatively impact users (Weiser and Alam 2022), the role of
internet memes may also help to build positive connections
among individuals experiencing suicidal ideation and reduce
suicide risks (Nicomedes et al. 2024; Newton et al. 2022;
Schott 2023). As a result, current detection and moderation
approaches might be problematic, as they block positive dis-



closure while failing to minimize harmful content. Thus, it is
crucial to better understand suicide memes and design more
targeted and dynamic detection and moderation approaches.

Ethics and Responsibility

There are several ethical issues and challenges associated
with this work. While the Reddit data is publicly available
and our data collection process was consistent with Reddit’s
terms and conditions (Reddit 2024a), individual consent was
not sought from Reddit users. To mitigate this we adopted
relevant standards outlined by Benton, Coppersmith, and
Dredze (2017) to strengthen the protections for individuals
who post to the r/SuicideMeme community. These addi-
tional protections included storage of data in secure environ-
ments, and the use of synthetic quotations in this publication.

While the goal of this work is to advance knowledge re-
garding suicide prevention, we acknowledge that — as with
all research — there is potential for bad actors to utilize our
results in ways in which we cannot readily anticipate.

This study was approved by the Human Ethics Committee
of the University of Melbourne (N0.2024-29894-61458-5).

Dataset

Figure 2 illustrates the data collection process in this study.
We selected the r/SuicideMeme subreddit on Reddit, an
increasingly popular online community that allows users to
publicly post suicide memes to express their feelings. We
used pushshift.io Reddit API (Baumgartner et al. 2020) to
download all submissions from r/SuicideMeme and ex-
tracted image URLs from each submission. We then down-
loaded images using the Requests library from image URLs.

Since this study focuses on understanding memes, we ap-
plied the following filtering steps to exclude any irrelevant
images or memes: (i) the meme must contain both an image
and overlaying text; (ii) the text on memes must be in En-
glish and readable by OCR; (iii) all the defined features in
this study can be extracted from the memes; (iv) identical or
near-duplicate memes (same image with fewer than 3-word
differences) were removed. After filtering, we obtained 1967
suicide memes as our suicide meme dataset, ranging from
April 2018 to December 2022.

To compare the differences between suicide and non-
suicide memes, we used r/memes subreddit as a con-
trol group for collecting non-suicide memes, as the men-
tion of suicide in memes is not allowed based on this
subreddit’s rules. We applied the same collection steps to
download all memes from this subreddit. Since the num-
ber of memes collected in r/memes is much larger than in
r/SuicideMeme, we randomly sampled 5000 memes out
of all memes, and applied additional filtering rules to match
the time range of suicide-meme dataset and confirmed that
these memes are non-suicidal (Figure 2). Following these
steps, we obtained 2380 memes for the non-suicide memes
dataset, ranging from June 2018 to December 2022.
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Methodologies
Features Extraction

For each meme, we extracted features from its metadata, vi-
sual content and textual content. From metadata, we com-
puted 4 types of features, including width, height, the num-
ber of pixels, and the aspect ratio.

Studies have shown that visual perceptions are highly rel-
evant to mental state perception in various types of psy-
chopathology (Phillips et al. 2003; Green et al. 2008). Re-
cently, a growing body of research has examined the im-
agery shared on social media. For instance, Bakhshi et al.
(2015, 2016) found visual features like exposure, entropy,
and color palette contribute to online social engagement
and connections. Manikonda and De Choudhury (2017) sug-
gested that minimalist visual cues (e.g., brightness, contrast)
selected by individuals may reflect a desire to draw atten-
tion to their psychological states in mental health disclo-
sures, which are also known to attract involuntary atten-
tion due to visual salience (Prinzmetal, Long, and Leonhardt
2008). Guntuku et al. (2019) further revealed that depressed
users preferred images not showing faces, while anxious
users usually chose sharper images. In this paper, we build
upon the image analysis methods used in these studies to un-
cover potential involuntary visual attention of users to sui-
cide memes. We computed 10 commonly used visual fea-
tures based on visual content (pixels), as shown in Table 1.

Features Description
Visual imbalance or unevenness of an image,
Asymmetry measured by the Euclidean distance between the
left and right half of image histograms.
Entropy Shannon entropy on pixel frequency distribution
to quantify image complexity
Brightness  The average value in HSV space
Contrast The standard deviation of pixel intensities
Contrast The dlfferenlge dbf:tween the orlglﬁal and
balance contrast-equalized images to access the even-
ness of contrast and luminance distribution.
Exposure The absolute skewness of the luminance his-
balance togram
Sharpness How clear the edges and details in an image are,
P measured by CPBD metric (Sadaka et al. 2008)
Face count  Number of faces contained in the image.
Faceregion The ratio of face area to the whole image

Text region  The ratio of text area to the whole image

Table 1: Descriptions of visual features.

To understand the psycho-linguistic patterns associated
with the overlaying text on memes, we also extracted tex-
tual features using EmoLex (Mohammad and Turney 2013)
and NRC-VAD (Mohammad 2018) lexicons, as shown in
Table 2. Compared to sentiment analysis methods using
deep learning and transformers, We employed lexicon-based
methods due to their interpretability, allowing for a more nu-
anced understanding of word-level emotional expressions.
The NRC-VAD and EmoLex lexicons are widely used in
studies of mental health discourse (Mohammad 2022), al-
though limitations exist, as they cannot capture the semantic



Reddit Data

Subreddit: r/SuicideMeme
Collect all the images posted in the r/SuicideMeme submissions

Subredditv: r/memes
Collect all the image?\lpgslted in thggr/memes submissions

‘ Remove meme images that have been deleted, are »
broken, or cannot be opened.
(Remaning images N = 1979)

v
Randomly select 5000 images and apply following filtering rules:

(1) Remove meme images that have been deleted, are broken, or cannot be opened.

(2) Temporal: Exclude images posted before 2017

(3) Keywords: Exclude images with potential suicidal keywords

(4) Users: Exclude images posted by authors who had posted submissions in the
suicide related subreddits (e.g., r/SuicideWatch)

(Remaning images N = 2593)

Extract features and remove images that can not be extracted

Suicide Meme Dataset
| N=1967, from April 2018 to Dec 2022

Extract features and remove images that can not be extracted |

Non-Suicide Meme Dataset
| N=2380, from Jan 2018 to Dec 2022 |

Figure 2: Data collection flowchart.

Features Methods Description

Words \ The number of words in the

count overlying text on the meme

Valence Sentiment: negative—positive

Arousal NRC-VAD Excited—calm or active-passive

Dominance Have full control-no control

Anger Annoyance-anger-rage

Feal.' __ EmoLex: Apprehenm.or.l—fe.ar—ter.ro.r

Anticipation Emotion Interest-anticipation—vigilance

Trust intensity Acceptance—trust—admiration

Surprise calculated Distraction—suprise—amazement

Sadness by lexicons Pensiveness—sadness—grief
frequencies L

Joy Serenity—joy—ecstacy

Disgust Boredom—disgust-loathing

Table 2: Descriptions of textual features.

relations or contextual nuances in emotional expressions and
often miss slang commonly used on social media.

We employed NRC-VAD lexicons to calculate the scores
of word meanings for three dimensions: valence, dom-
inance, and arousal, which contains over 20k human-
rated English words and is currently the biggest dictionary.
EmoLex lexicon was applied to extract the presence of eight
basic emotions in the text: anger, fear, anticipation, trust,
surprise, sadness, joy, and disgust, from over 14k English
terms collected via crowdsourced human annotation. While
NRC-VAD provides intensity-based scores for emotional di-
mensions, EmoLex captures the presence and frequency of
categorical emotional labels.

Statistical Analysis

Based on the extracted 26 features (4 meta-data, 10 visual,
and 12 textual), we conducted statistical analysis.

Statistical Hypothesis Tests We applied multiple statisti-
cal tests to examine significant differences in features be-
tween suicide memes and non-suicide memes, depending
on the distribution and variance of feature values. These
tests included ANOVA, Kruskal-Wallis, and Mann-Whitney
U tests. For each feature, we first determined whether it sat-
isfied the test assumptions (e.g., normal distribution or equal
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variance), and then selected the statistical test that satisfied
all assumptions. A conventional significance threshold of «
= .05 was used to determine statistical significance.

Negative Binomial Regression To investigate which fea-
tures are more likely to influence user interactions with sui-
cide memes, we built two statistical models using defined
features as independent variables. The first model used the
post scores (the number of upvotes - the number of down-
votes) as the dependent variable, while the second used
the number of comments. We employed negative binomial
regression, a method widely used in social media studies
and well-suited for over-dispersed count variables (Bakhshi
et al. 2016). We used Pearson’s chi-squared test to assess the
goodness of both models and applied Benjamini-Hochberg
correction to account for multiple comparisons. We then ex-
amined the regression coefficients () to understand the ef-
fect of each independent variable on the scores or comments.

Topic Modeling

To explore how users think about suicide memes within
the r/SuicideMeme community, we trained a BERTopic
model on 6823 comments posted in suicide-meme posts, fol-
lowing Grootendorst (2022)’s methods. To preserve the nat-
ural richness of user engagement and ensure finding mean-
ingful topic clusters, we retained all comments without fil-
tering. Unlike traditional topic models like LDA, BERTopic
leverages transformer-based models to capture semantics re-
lationships and context, providing potentially more inter-
pretable and dense topic clusters. Although BERTopic as-
sumes each document only contains a single topic, we be-
lieve this assumption is appropriate in our case, as comments
are typically short and convey a single idea. More detailed
sub-model configurations are shown in Appendix A. No-
tably, although we used ChatGPT to generate initial topic
labels for easier interpretability, we manually evaluated each
label to ensure alignment with the cluster content and made
necessary adjustments to make it more informative.

Since we aimed to explore user attitudes specifically on
suicide memes, we manually reviewed each topic and only
kept the clusters directly associated with memes or humor.
While other topics may also be of interest, they were ex-
cluded to maintain focus on understanding suicide memes



and the perceptions surrounding them. We then conducted
a content analysis on these clusters to gain a deeper under-
standing of the discussions within them.

Suicide Meme Prediction

To evaluate the effectiveness of the identified features in
distinguishing between suicide and non-suicide memes, we
conducted experiments using currently popular classifica-
tion models with different feature combinations.

For baseline models, we trained three widely used pre-
trained vision models, ViT (Dosovitskiy et al. 2021), Rest-
Net50 (He et al. 2016), and VGG19 (Simonyan and Zis-
serman 2014), as they are considered to be the most ro-
bust state-of-art models for image classification in both
Transformer-based and CNN-based architectures (Liu et al.
2024). We trained these models directly using the raw meme
images, without any feature extraction, to provide a refer-
ence baseline for prediction performance.

We experimented with different combinations of features:
visual features only, text features only, and a combination
of both. For each combination, we applied various data pro-
cessing methods, including normalization, standardization,
and logarithmic transformation. During training, the datasets
were randomly shuffled and split into training, validation,
and test sets with a 0.7:0.1:0.2 ratio. For each feature combi-
nation, we tested multiple machine learning models, such as
Support Vector Classification (SVC), multilayer perceptrons
(MLP), and performed a grid search with cross-validation to
fine-tune the model parameters using the scikit-learn Python
package. To ensure robustness, we performed 10 experi-
ments and evaluated model performance based on the av-
erage accuracy and the F1 score.

Results

Feature Comparison Between Suicide and
Non-Suicide Memes (RQ1)

Out of the 26 features we examined, 23 showed statistically
significant differences (p<.05). The three features that were
not significantly different are aspect ratio, brightness, con-
trast. For each dimension (meta, visual, textual), we selected
the top five features with the most significant differences
(based on p-values) for further analysis. The statistical re-
sults for all features are presented in Appendix B.

Meta Feature Analysis As shown in Figure 3, suicide
memes generally have higher width, height, and pixel num-
bers, which often relate to image quality. This suggests sui-
cide memes are generally larger and potentially more infor-
mative, such as including more textual elements or complex
imagery, which might make them more attractive to users.

Visual Features Analysis Among the visual features, en-
tropy, the number of faces, face region, sharpness, and con-
trast balance are the five most significantly different fea-
tures between suicide and non-suicide memes (p<<.001%**
for all 5 features). Suicide memes tend to have lower en-
tropy, which often suggests fewer variations and less inten-
sity in image colors. The sharpness and contrast balance val-
ues of suicide memes are significantly higher than the non-
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class
= non-suicidal
= suicidal

(a) Width (b) Height (c) Number of pixels

Figure 3: Violin plots: meta features.

class
= non-suicidal
= suicidal

= —

(a) Entropy (b) Face counts (c) Face regions

e R

(d) Sharpness (e) Contrast balance

Figure 4: Violin plots: top 5 most significant visual features.

suicide memes. These two features measure the clarity of de-
tails and the differences between light and dark areas, which
can emphasize textures and create visually strong and dra-
matic effects. This use of contrast could be a visual metaphor
for the extreme emotional states and striking themes behind
suicide memes. Interestingly, suicide memes also tend to
feature fewer faces and smaller face regions, which might
reflect a sense of social isolation or diminished focus on the
human element for users who posted suicide memes.

Textual Features Analysis We identified five most sig-
nificant different textual features are sadness, fear, anger,
arousal, and word counts (p<.001*** for all), shown in
Figure 5. Compared to general memes, the text on suicide
memes often expresses more sadness, fear, and anger, which
might indicate the dark and negative feelings of the users
who post them. Additionally, the arousal score in suicide
memes is generally higher. Previous research has shown that
heightened arousal levels can increase the likelihood of sui-
cide (Law and Anestis 2021; Ribeiro et al. 2015). Studies
have also identified physiological differences in negative af-
fective states between low arousal (e.g., sadness) and high
arousal (e.g., anger) (Marci et al. 2007), which contribute to
different levels of pain tolerance (Carter et al. 2002). Suicide
memes also tend to have higher word counts, suggesting that
these memes may contain more detailed expressions of emo-
tions or more informative messages.

Impact of Suicide Meme Features on User
Interactions (RQ2)

We constructed two negative binomial regression models to
explore the effect of extracted features on the scores and
the number of comments that suicide memes received. Ex-
cluding features without significant effects (p<.05), Table



class
= non-suicidal
‘ = suicidal
- e
|
(a) Sadness (b) Fear (c) Anger

= =

(d) Arousal (e) Words count

Figure 5: Violin plots: top 5 most significant textual features.

3 shows the two models with features that were significant
in at least one of the models. We further compared suicide
memes that attracted the highest and lowest number of com-
ments and scores, as shown in Appendix C.

We can see that suicide memes, that include faces, are
more likely to decrease the number of received comments
by 10.6% (5=-0.112, IRR=0.894). This finding aligns with
the results from the previous section, where suicide memes
tend to contain fewer faces. We further analyzed the scores
and the number of comments across the existence of face and
each face emotion category. Figure 6 shows the ECDF plots.
We can see that suicide memes without faces receive more
comments compared to those with faces, and faces with fear
and sadness on suicide memes tend to attract more com-
ments than those with other emotion categories. Other visual
features, although they showed significance in the models,
their coefficients were too small to have meaningful effects
on user interactions and therefore could be neglected.

Regarding the textual features, the emotions of sadness,
anger, and fear are positively associated with both score and
comment models. Among them, anger has the largest ef-
fect on comments (8=0.136, IRR=1.146), while its effect on
score model is relevantly small (3=0.067, IRR=1.069). The
anticipation emotion is positive correlated with a small in-
crease in the number of comments (5=0.079, IRR=1.082),
whereas the surprise emotion links to the decrease the score
of suicide memes (5=-0.078, IRR=0.925). Arousal is signif-
icantly associated with a 30.1% increase in the likelihood
of receiving higher scores (5=0.263, IRR=1.301). These re-
sults are consistent with the previous findings, which show
suicide memes typically have higher values of sadness, fear,
anger, and arousal. However, the impact of the number of
words on these two models is very limited and contradictory
between the score model and the comment model.

Understanding Perceptions and Attitudes on
Suicide Memes (RQ3)

We trained a BERTopic model on 6823 comments associated
with suicide meme posts, which resulted in 73 clusters. Ap-
pendix D provides an overview of all topic clusters. We man-
ually checked these clusters and only focused on the topics
about memes and humor, in which 14 topics were identified.
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Figure 6: ECDF plots: the differences in distributions of the
number of comments.

Table 4 presents these topics and their representative text.
We further conducted content analysis on each topic clus-
ter and summarized what users frequently discussed about
suicide memes: gratitude and positive sentiment; humor and
irony; relatability and shared experiences.

Gratitude and Positive Sentiment Many topic clusters
demonstrate a positive sentiment toward the posting of sui-
cide memes, particularly in topics 4, 12, and 36. Although
general public might think suicide memes are dark and neg-
ative, users in these communities find them lighter than their
own circumstances, leading to a sense of relief. They often
express appreciation for these memes, with some even tak-
ing active steps to repost or share them with others.

Humor and Irony The discussion about humor and irony
is also a prominent theme in r / SuicideMeme, as reflected
in topic clusters such as topics 2, 29, 32. While memes
are generally humorous, the humor in suicide memes seems
darker and more ironic, given that the content and topics are
suicide-related and more serious. For example, some users
express that these suicide memes make them laugh, while
others may find them disturbing, though sometimes in a
cathartic way. The irony in these memes might serve as a
coping strategy, allowing users to confront their feelings in
a way that is “safer” and less overwhelming.

Relatability and Shared Experiences In topic clusters
like 8, 16, 19, 25, and 31, the most frequently mentioned
phrases are “same”, “relatable”, “me in real life”. These
phrases highlight the potential function of suicide memes in
enhancing social and emotional connection within the sui-
cidal community, helping individuals with similar mental
health issues feel understood and less alone in their strug-
gles. However, negative emotion contagion might also exist.
These suicide memes could also be a stimulus that triggers
stress or discomfort in some individuals, such as expressions
like “I dont like this” or “Don’t attack me” in topics 62, 65.

Predicting Suicide Memes (RQ4)

To explore the prediction of suicide memes, we experi-
mented with various feature combinations and preprocess-
ing methods with multiple machine learning algorithms,
such as MLP, Logistic Regression, Decision Tree and SVC.
We found that SVC showed marginally superior perfor-
mance over the others. Table 5 presents the prediction per-



Score model

Comment model

B8 std.e )/ B std.e )/
(Intercept) -4.46 0.036 ¥k .6.01 0.062 ok
Meta features Width -1.32e-04 7.59e-05 o -4.02e-06 1.31e-04 -
Height -1.58e-04 2.73e-05 ek 4.26e-04 1.14e-04 ok
Number of pixels 3.14e-07 1.23e-07 * -3.65e-07 2.19e-07 .
Visual features Exposure balance 0.002 4.51e-03 - 0.014 0.006 *
Asymmetry 1.02e-07 3.58e-07 ok -5.52e-07 6.28e-07 -
Sharpness -1.35e-09 5.96e-10 * 1.60e-09 1.03e-09 -
Contrast balance -1.88e-07 2.63e-07 oAk -3.26e-07 4.52e-07 .
Has face -0.058 0.035 - -0.112 0.049 *
Text region 0.247 0.154 - 0.619 0.253 *
Textual features Sadness 0.055 0.032 *k 0.089 0.025 HokE
Anger 0.067 0.031 ok 0.136 0.051 ook
Fear 0.034 0.016 * 0.099 0.025 HoEk
Anticipation -0.010 0.022 - 0.079 0.035 *
Surprise -0.078 0.038 * -0.147 0.076 -
Arousal 0.263 0.119 * 0.030 0.200 -
Word counts -0.005 8.67e-04 ek 0.003 0.001 *

Table 3: Negative Binomial Regression for the scores and the number of comments. (*:p<0.05, **:p<0.005, ***:p<0.001)

formances on the test set for different feature combinations.
We also reported additional evaluation metrics and hyperpa-
rameters of our best-performing model in Appendix E.1.

We found that all feature combinations outperformed the
baseline models, suggesting all extracted features are effec-
tive in predicting suicide memes. Textual features were more
important than visual features for this classification task.
Overall, the fusion of visual and textual features provides
the best performance with an accuracy of 80.04% and an F1
score of 80.75%, which indicates the complementary infor-
mation contained in these two modalities.

Qualitative Error Analysis We selected the best-
performing model trained on the Reddit dataset (i.e., SVC
with visual and textual features) for further analysis. Overall,
65% of misclassified cases are suicide memes that the model
failed to identify (See Appendix E.2 for confusion matrix).
These suicide memes are typically metaphorical and im-
plicit. For example, in Figure 7 (a), suicide ideation has to
be inferred from both text and image context, which the ex-
tracted features failed to capture. As shown in Figure 7 (b),
the misclassified non-suicide meme typically contains emo-
tional expression related to mental health disorders (e.g., de-
pression) or descriptions of death (e.g., drowning).

Generalization To evaluate the generalization of our find-
ings, we used the Google Search API to collect suicide and
non-suicide memes from additional social media platforms:
Instagram, Facebook, and X (formerly Twitter) (details in
Appendix E.3.1). Following the same methods, we extracted
proposed features and conducted statistical analysis (Ap-
pendix E.3.2), providing preliminary evidence that most of
the identified distinguishing features between suicide and
non-suicide memes are consistent across platforms.

Using the same model configurations as the best-
performing model trained on the Reddit dataset, we trained
three classifiers independently on each dataset. Table 6
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(b) Examples of misclassified non-suicide memes

Figure 7: Examples of misclassified cases

presents an overview of collected datasets and correspond-
ing model performance (see Appendix E.3.3 for additional
evaluation metrics). Overall, the performances on the In-
stagram and X datasets are similar to those on the Red-
dit dataset, while performances on the Facebook dataset
show some decline. These results provide preliminary ev-
idence suggesting that the identified distinguishing features
in our study may be effective for suicide meme identification
across platforms. However, further examination is needed to
understand the influence of Google’s ranking algorithm on
the datasets collected via the Google Search APL

Discussion
Principal Findings

This study examined the phenomenon of suicide memes
on Reddit. We extracted and identified several distinctive



No.Topic Count Topic

Representative text

Appraisal to humorous suicide

2 235
memes
4 191  Gratitude and appreciation
8 147  Relatable real-life reflections
12 106  Reposting engagement
16 102 Shared experiences
19 124 Resonation to everyday struggle
21 81 Relatable agreement
25 76 Group solidarity
29 71 Humorous laugh reactions
31 47 Highly relatable tweets and memes
32 75 Humorous Internet memes
36 58 Laughter and lighthearted reactions
62 32 Dislike photo captions
65 59 Feeling attacked unexpectedly

“Literally laughed and cried on this meme, though some just think it’s fxxked
up.”’; “A joke for the win! That’s what I live for.”; “I like this suicide meme”

“That is a best! One of the greatest memes I've ever seen so far.”’, “Thank you
so mcuh! Todays been the first day for a long time that ive felt even the lightest
bit okay despite the crappy circumstances. It means everything to me.”

“Just me rn.”’; “Me in real life.”; “How dare you portray me so accurately!”
“Hey! Just repost...”; “Lolll it deserves a repost”; “I like this sub”

“Damn same, I’m not the only one”; “Cool bro, we’re the same”; “Same, buddy”
“It’s me daily”; “Me everyday from 12 y.o.”; “That is pretty much my everyday”
“This is so reallll and I hate it sm.”; “How can this be so true loll”

“We are in the same gang”; “I feel the same and like ;-;”

“Wow this is so funny”; “Thanks. That really got me and made me laughing”
“Well theyre hilarious since they’re relatable to me”; “Hmmm, so relatable”
“Lmao how can this be so real, thanks.”; “I screamed omg hahahahaha”

“Lolll so true. I'm gonna send it to the GC”; “That’s exactly why I'm here haha”
“I don’t like this image since I'm in it”’; “Im feeling low after a peak seeing this”

“Why’d you have to call me out like that?”; “Don’t attack me using this”; “I’'m
feeling attacked”

Table 4: Topics related to suicide memes (the representative text was synthesized due to ethical considerations but retains the

main idea of the original sentences).

Models Feature Combination Accuracy(%) F1(%)
ViT Raw meme images 57.92 56.97
Resnet50 Raw meme images 56.52 53.09
VGG19 Raw meme images 60.26 60.23

SvC Visual features 67.440.0156 66.260.0173
SvC Textual features 75.400.0144  77.940.0186
SvC Visual+textual features  80.049 0170  80.750.0100

Table 5: Models performance at predicting suicide memes.
(Noted accuracy and F1 reported are averaged over 10 ex-
perimental runs; subscripts show standard deviation)

Data Overview Performances

Suicide Non-suicide  Accuracy(%) F1(%)
Instagram 594 667 82-330.0186 82.040,0196
Facebook 499 545 73.680,0140 73-2000161
X/Twitter 104 143 83.890,0138 82.820,0149

Table 6: Data overview and model performances on Insta-
gram, Facebook, and X datasets (accuracy and F1 scores av-
eraged over 10 runs; subscripts indicate standard deviation).

characteristics that differentiate suicide memes from gen-
eral memes (RQ1). The differences in visual elements might
show unintentional preferences of individuals who post sui-
cide memes, potentially relating to their suicide ideation.
Overall, these users prefer sharper, higher-contrast, and less
colorful memes with fewer faces. This is consistent with ex-
isting findings on visual elements in mental health disclo-
sure, which suggest that such preferences may reflect social
isolation and a lack of emotional balance (Manikonda and
De Choudhury 2017; Guntuku et al. 2019). Moreover, sui-
cide memes typically have higher image quality. The differ-
ences in textual features align with previous research show-
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ing that suicide-related text generally contains higher levels
of sadness, fear, and anger, along with higher arousal scores
(Law and Anestis 2021; Coppersmith et al. 2016).

We further identified that the existence of faces and sev-
eral textual features played a crucial role in influencing user
interactions with the community (RQ2). Specifically, hav-
ing faces on suicide memes is significantly associated with
a 10.6% decrease in the number of comments received. Dif-
ferent emotions and arousal in the text also contributed to
the scores and comments at various levels. This suggests
that while individuals may have certain visual preferences
for suicide memes, it might be the contents and themes em-
bedded in the text that drive deeper interactions. Our re-
sults indicate that these contents resonate more strongly with
other users and make them more likely to give comments to
share their thoughts and feelings. However, these interac-
tions always involve suicide-related information, raising the
risk of contagiously spreading negative emotions and sui-
cidal thoughts on social media platforms — which may be
particularly concerning given that memes can often go viral
(Fu et al. 2013). Thus, the dangers of suicide memes can not
be ignored, despite their seemingly entertaining form.

In addition, we uncovered user attitudes toward suicide
memes (RQ3). The results highlight the potential function
of humorous and ironic meme formats in suicide disclo-
sures. Most users expressed a positive attitude toward sui-
cide memes, recognizing their dark humor and irony. Re-
search has suggested that humor could be a coping mecha-
nism for dealing with mental health issues (Henman 2001),
and our results support this in the context of suicide. Peo-
ple found suicide memes that are humorous and ironic are
less serious and allow them to momentarily disengage from
their burdened minds (Goldstein 2013). The sense of feeling
relatable and understood also helps them feel less alone and
more connected with others. Besides, while not explicitly in-



dicated in the text clusters, the form of memes appears to be
more acceptable in public disclosures — less serious but still
informative, where we observed two clusters are related to
the active reposting and sharing actions of users. This may
indicate that engaging with suicide memes may present po-
tential benefits for individuals in suicide communities. How-
ever, humor might also have a harmful effect since it could
serve to minimize suffering and pain (Goldstein 2013). We
also found some topic clusters mentioned feeling slightly
triggered as the content hits too close to home.

Finally, combining visual and textual features, our predic-
tion model achieved the best performance in distinguishing
suicide memes from general memes (RQ4), with an 80.04%
accuracy and an 80.75% F1 score. This outperformed the
baseline by 32.82% and 34.07% respectively, which demon-
strates informative complementarities of each modality in
prediction and their effectiveness. While this approach im-
proves the accuracy of identifying suicide memes and could
inform effective moderation, additional factors should be
considered, as our findings also suggest that suicide memes
may be beneficial to certain groups and contribute to online
communities positively.

Implications

Our work and findings have important implications for fos-
tering safer suicide-related discussions and informing con-
tent detection and moderation on social media.

Informing Safer Online Suicide-content Discussion
This study provides valuable insights for understanding the
characteristics of suicide memes and the motivations for
posting them, which could help regulators, policy-makers,
and social media platforms develop contextually sensitive
moderation and communication strategies for engaging with
individuals in suicide meme communities. Our findings in-
dicate humor in suicide memes could benefit individuals
who post them, but also might provoke negative emotions
in those being exposed. This highlights the need for guide-
lines that balance the benefits and risks of humor in suicide-
related online interactions and inform safer practices.

Informing Design of Suicide-content Moderation Sui-
cide content moderation on social media is a complex pro-
cess that requires coordinated efforts from multiple actors,
including model developers, moderators and operators of so-
cial media platforms, and users. Our findings contribute to
more effective suicide meme detection, achieving an accu-
racy of 80.04%, with preliminary evidence suggesting the
potential of cross-platform generalization. This research is
a critical first step in enhancing suicide meme moderation,
which will help platform operators identify suicide memes
more effectively and accurately.

Further, some current approaches to suicide content mod-
eration may be insufficiently nuanced (i.e. simply restricting
all user access to suicide content). Our topic modeling anal-
ysis highlights the dual role of suicide memes — they could
help foster supportive connections, but may also act as harm-
ful triggers for individuals. These results suggest that more
targeted and dynamic moderation strategies are needed. In-
stead of binary “allow or restrict” decisions for all suicide
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memes, moderators could further access the context and in-
tent behind them to better define to what extent such suicide
memes are harmful and how should they be moderated.

While the model’s performance is promising, the extent
to which it can be integrated into suicide content moderation
requires careful consideration. For example, multiple thresh-
olds should be considered to support different moderation
strategies, from automatic intervention for high-confidence
cases to further human review for more ambiguous cases.
This approach could help reduce false positives while en-
suring the prompt moderation on potentially harmful sui-
cide memes. Our error analysis also highlights some chal-
lenges in this process. Some suicide memes are metaphorical
and require interpretation from both visual and textual cues,
which existing models failed to capture. Additionally, it re-
mains difficult to distinguish between suicide memes and
general memes featuring death-related descriptions or neg-
ative emotional expressions. These issues suggest the need
for further categorizing suicide memes based on feature vari-
ations. Future studies could focus on refining the model’s
ability to handle such complexities, while human oversight
for borderline cases may help mitigate errors.

Limitations

This work has several limitations. First, the suicide memes
were collected only from r/SuicideMeme, and compared
to a randomly sampled subset of general memes. Future
studies should aim for more general and comprehensive
suicide meme disclosures from other online communities
and platforms. Second, we assumed that all memes from
r/SuicideMeme were suicide related without any further
clinical evaluations. Although our approach was developed
in consultation with suicide prevention professionals, our
underlying assumptions may not be correct in all cases. Ad-
ditionally, we acknowledge that suicide is a culturally sensi-
tive issue. Given that Reddit’s user demographic is predomi-
nantly young males from the U.S., our findings may not fully
capture cultural differences in suicide-related expressions.
Despite these limitations, we believe that our study provides
meaningful insights into suicide disclosure through memes.

Conclusion

In summary, this study presents the first computational ex-
amination of suicide memes in the context of an online
community. We identified multiple significant different fea-
tures between suicide and general memes and examined how
these features influence user interactions. The topic mod-
eling results revealed an overall favourable attitude toward
suicide memes. We also developed prediction models to as-
sess the feasibility of identifying suicide memes. Our find-
ings suggest that suicide memes may have both positive
and harmful effects, highlighting the need for more targeted
communication strategies within suicide meme communi-
ties, as well as more nuanced algorithms to better moderate
these suicide memes.
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Appendices

A: BERTopic Configurations

BERTTopic Models Parameters
steps
Embeddings  Sentence \
Transformer:
all-MiniLM-
L6-v2
Dimensionality UMAP N_neighbors = 15;
reduction n_component = 5
Clustering HDBSCAN Min_cluster_size = 20; Met-
ric = ‘euclidean’
Cluster_selection_method =
‘eom’
Tokenizer CountVectorizer Min_df = 2; Ngram_range =
(1,3)
Weighting c-TF-IDF Seed_words = [“meme”,
scheme “humor”, “joke”]
Seed_multiplier = 2
Fine-tune ChatGPT Prompt ="
representa- I have a topic that con-
tions tains the following docu-

ments: [DOCUMENTS]
The topic is described by the
following keywords: [KEY-
WORDS]

Based on the information
above, extract a short but
highly descriptive topic la-
bel of at most 5 words.
Make sure it is in the follow-
ing format:

topic: topic label

999997

Table 7: Submodel configurations of BERT Topic.

B: Statistical Hypothesis Test Results

Features P-value

Width 6.52e-23%%*

Height 5.98e-20%**
Meta Features

Number of pixels 2.63e-24%*%*

The aspect ratio 0.27

Table 8: Statistical hypothesis test results: meta features.

C: Comparisons of Suicide Meme with
Different Levels of User Engagement
To further understand the association between suicide
memes and user engagement, we present the top suicide

memes corresponding to each user engagement level (i.e.,
scores, comments), as shown in Figure 8. For memes with
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Features P-value
Asymmetry 1.25e-8***
Brightness 0.11
Contrast 0.07
Contrast balance 6.74e-9%**
Visual Features Entropy >33
Exposure balance 5.32e-9%**
Sharpness 1.27e-15%%%*
Face count 3.21e-24%%%*
Face region 1.33e-15%%%*
Text region 2.58e-11#%%*

Table 9: Statistical hypothesis test results: visual features.

Features P-value
Words count 1.15e-30%%**
Valence 1.08e-11%*%**
Arousal 4.13e-29%%*
Dominance 0.004%*%*
Anger 3.18e-40%**
Textual features Anticipation 2.85e-3%**
Disgust 9.55e-7***
Fear 2.78e-87#**%*
Sadness 1.75e-101%#%%*
Trust 6.97e-11%%*
Surprise 5.57e-07%*%*
Joy 2.45e-10%**

Table 10: Statistical hypothesis test results: textual features.

the lowest number of comments or lowest scores, the same
suicide memes were identified, as shown in Figure 8(c). Ad-
ditionally, there is an overlap for one suicide meme (Sponge-
Bob) between the highest number of comments (Figure 8(a))
and the highest scores (Figure 8(b)).

Based on the examples, we observe several common char-
acteristics of suicide memes that attract higher use engage-
ment: they tend to have longer captions and seem darker —
often expressing explicit suicide ideation, with some even
referencing specific suicide methods, such as pills or images
of nooses. We also observe the use of animated figures in
these suicide memes. On the other hand, suicide memes with
lower scores and comments tend to have fewer words and
less emotionally intense imagery (e.g., depictions of suicide
methods). Some memes contain less direct expression of a
wish to be dead. Although one meme mentioned overdose
as a potential suicide method, its primary message focuses
on something preventing the user from doing so.



'When you swallow 25 pills and still
wake up the next morning

When you swallow 25 pills and still
wake up the next morning

e tim
ryday, why can't | choose to
die? There's 7 billion other
people on the earth who can
asily fill my spot

Me: "types anything suicide related*
Google: get help
Bing

tnuchlng grassiis not

enough ineed to he shot

Me going to sleep at 3 am
knowing my suicidal thoughts
are getting progressively worse
and I'm doing nothing to stop
them

(a) Suicide memes with highest comments

When you're esn oam in class and
m ize

When you spell check your

iCil note on't
sulcide note so you d beio re the hexl ex: am

6 yourse” -
-

(b) Suicide memes with highest scores

Tejerk
17h - Dyke to Fa.
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-

Traniigs have a life expectancy of 35,
and having ADHD shortens your life by
13 years, meaning | only have 4 years
left to live

Thank fuck

2903

Q 1o 2, share

$70 for these
magical healing__
crystals; they ﬂ,r.:,’;-:»

will fix your Q

symptoms

lk\

i

ietio
Bholcodine
(ieis

(c¢) Suicide memes with lowest scores, also with lowest comments

Figure 8: Examples of suicide meme with different levels of user engagement.

D: Topic Modeling

Although this paper focuses on topics related to suicide
memes, we also examined other identified topics. Table
11 presents the top 10 topic clusters unrelated to suicide
memes. Overall, these topics are centered around suicide
discussions. The most prevalent topic involves mental health
support and coping (topic 1) mental health support and cop-
ing (topic 1). Several topics reflected users’ expression of
a desire to death and suicide ideation (topic 0, 3). Notably,
many topic clusters contained discussions about specific sui-
cide methods, such as overdose (topic 1), guns (topic 6), and
ropes (topic 14), with detailed comparisons and considera-
tions (topic 5). There are also some discussions regarding
their failure attempts (topic 11). This raise concerns that the
varying severity of such discussions might be obscured by
the humor in suicide memes. It is necessary to further inves-
tigate suicide memes to better identify contents and discus-
sions associated with higher risks.

E: Suicide Memes Prediction
E.1: Parameters and Evaluation Metrics

In Table 12, we present the hyperparameters of our best-
performing model trained on the Reddit dataset, SVC with
both visual and textual features. While the main paper re-
ports Accuracy and F1 scores, this appendix includes addi-
tional metrics such as recall and precision, as shown in Table
13.
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Suicide meme Non-suicide meme

104 Im
= -

Predicted label

True label
Non-suicide memeSuicide meme

Figure 9: Confusion matrix on test set (model: SVC with
visual and textual features)

E.2: Qualitative Error Analysis
E.3: Model Generalization Test

E.3.1: Data Collection We used the Google Search API
to collect datasets from three additional social media plat-
forms: Instagram, Facebook, and X, with the parameters
and search queries detailed in Table 14. For each collected
suicide and non-suicide meme, we applied the same filter-
ing criteria used for the Reddit dataset, as described in the
Dataset section. Table 15 presents an overview of the data
after filtering.

Notably, limitations may exist, as the current ranking
algorithm used by Google remains unclear, and the ap-
plied search domain returned results predominantly from the
United States. It is unclear whether this may introduce bias
and affect the evaluation of the generalization performance
of our findings.



No.Topic Count Topic

Representative text

-1

10

11

14

15

2791

210

208

174

134

124

85

81

71

68

Mental health support and coping

Suicidal people with suicide
thoughts

Lethal effects of overdose

Desire for peaceful death

Suicide contemplation and consider-
ation

Gun violence
Dealing with depression

Suicide attempts

Discussion about hanging

Family relationships

“If this is not a joke, seek support from family, friends or even professionals. Try
to figure it out why you see suicide as a viable answer.”

“I guess I've gotten used to these thoughts by now, as it’s been years. I lie in
bed every night thinking about suicide. It’s just that sometimes, it becomes
really hard to suppress those dark thoughts.”, “You could probably find around
five suicide notes hidden around my house just this past month.”

“Lol overdosing on sleeping pills won’t work — just don’t try it.”, “The fatal
amount of caffeine for humans is around 6 grams, though it varies from person
to person. Overdosing on stimulants might not be a pleasant way to go though,
as you might survive but now with horrible heart disease.”

“I wish I could be dead but I'm scared”, “I’d always choose a quick, painless
death over living the life I have now, if I had the choice.”

“I’ll probably choose hanging or overdose”, “I guess number two or four. It
would be really painful if an overdose doesn’t work immediately, though you’ll
probably just die if jumping off a building as long as it’s tall enough.”

“Lollll shooter-master... can you aim for my head pwease pwease?”, “Anyone
know the price of a shotgun?”’

“You’re feeling lonely with depression, but karma makes you feel needed.”,
“Quit halfway through. I was too depressed to finish and figured it’d probably
end up just as bad anyway.”

“It is continuous suffering after failed attempts”, “How could you fail? Some
methods are so guaranteed to die without even leaving the house.”

“I’d do it, but I have no idea where to hang the rope.”, “FYI a hangman’s knot
isnt actually the best knot for hanging yourself.”

“My crazy parents said they’ll kill me if I ever thought about ending myself.
Ah yes, that’s exactly what I wanted.”, “Lucky you! My family is extremely
unwilling to cooperate.”

Table 11: Top 10 topic clusters unrelated to suicide memes (The representative text was synthesized due to ethical considerations

but retains the main idea of the original sentences).

Steps Methods Parameters Values
. with_mean True
Data processing  StandardScaler() with_std True
Predicti Kernel “linear”
reciction SVC() Gamma 0.01
model p 10

Table 12: Parameters of best-performing model: SVC with
both visual and textual features.

Models Feature Combination Recall(%) Precision(%)
ViT Raw meme images 56.96 56.99
Resnet50 Raw meme images 55.68 55.73
VGG19 Raw meme images 61.88 62.12

SVC Visual features 65.950.0271 67.480.0124
SvC Textual features 75.740.0132 79.330.0130
SvC Visual+textual features  79.800.0234  81.300.0154

Table 13: Models performance at predicting suicide memes.
(Noted accuracy and F1 reported are averaged over 10 ex-
perimental runs; subscripts show standard deviation)

E.3.2: Features Comparison Following the same meth-
ods, we extracted the proposed features from these three
datasets and conducted statistical tests to examine signifi-
cant differences in the meta, visual, and textual features that
were identified as most significant in the Reddit dataset. Fig-
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ures 10, 11, and 12 present the distribution of these features
as violin plots for Instagram, Facebook, and X, respectively.

For the Instagram dataset, most features showed signif-
icant differences between suicide memes and non-suicide
memes, except for width, height, and contrast balance,
which p values were greater than 0.5. The features with
significant differences followed a similar distribution to the
Reddit dataset.

For the Facebook dataset, we did not find a significant
difference in feature width, height, contrast balance, face
counts, and face region, while other features showed signifi-
cant difference. The features with significant differences fol-
lowed a similar distribution to the Reddit dataset.

For suicide memes on X, we observed the same patterns:
significant differences in most features, except for width and
contrast balance. These significant features followed a sim-
ilar distribution to those in the Reddit dataset.

Overall, most of the visual and textual features of sui-
cide memes from r/SuicideMeme are also consistent on
Instagram, Facebook, and X. Specifically, features such as
lower entropy, higher level of sharpness, sadness, feature,
anger, arousal, words counts were consistently observed
across all platforms. The fewer face counts and reduced face
region were also observed on Instagram and X. These con-
sistent patterns suggest that visual and textual features of
suicide memes could be extended to broader social media
platforms.

While minor variations exist — such as width and con-



Search Queries

Domain Language Suicide Meme Non-suicide Meme
Instagram ”suicide meme site:instagram.com” ”meme site:instagram.com”
Facebook ”google.com” lang_us (English only) ”suicide meme site:facebook.com” ”meme site:facebook.com”
X ”suicide meme site:X.com” “meme site:X.com”

Table 14: Parameters of data collection using Google Search API.

Suicide Meme Non-suicide Meme
Instagram 594 667
Facebook 499 545
X 104 143

Table 15: Overview of Instagram, Facebook, and X datasets.

trast balance showing no significant differences on all three
platforms, potentially due to differences in platform demo-
graphic or image processing techniques — they did not ap-
pear to affect the model’s performance on the Instagram
and X datasets. Interestingly, the classification performance
on the Facebook dataset showed a decline, which may be
due to the lack of significant difference in face counts and
face region features between suicide memes and non-suicide
memes on Facebook.

E.3.3: Evaluation Metric We also reported the recall and
precision scores of the classification model trained inde-
pendently on the Instagram, Facebook, and X datasets. As
shown in Table 16.

Recall(%) Precision(%)
Instagram 81.900.0194 83.020.0172
Facebook 73.240,0145 74.440‘0157
X/Twitter 82.010.0115 85.180.0159

Table 16: Recall and precision scores of the classification
model on Instagram, Facebook, and X datasets. (Noted ac-
curacy and F1 reported are averaged over 10 experimental
runs; subscripts show standard deviation)
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Figure 10: Violin plots: Instagram.
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Figure 11: Violin plots: Facebook.
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Figure 12: Violin plots: X.
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