
Findings of the Association for Computational Linguistics: ACL 2026, pages 36659–36675
July 2-7, 2026 ©2026 Association for Computational Linguistics

FigSIM: A Dataset for Fine-grained Suicide Severity and Figurative
Language in Suicide Memes

Liuliu Chen1, Elise R. Carrotte2,3, Brian E. Chapman4, Jo Robinson2,3, Mike Conway1,

1School of Computing and Information Systems, University of Melbourne, Australia,
2Orygen, The National Centre of Excellence in Youth Mental Health, Australia,

3Centre for Youth Mental Health, University of Melbourne, Australia,
4O’Donnell School of Public Health, UT Southwestern Medical Center, United States

Correspondence: liuliuc@student.unimelb.edu.au

Abstract

Suicide memes are memes used to express
suicide-related thoughts or comment on suicide-
related issues. Suicide memes are increasingly
common on social media, yet remain poorly
understood and potentially harmful. There
is an urgent need to better understand their
characteristics and to develop appropriate con-
tent moderation strategies that limits users’ ex-
posure to potentially harmful content. Cur-
rently, the absence of annotated datasets of sui-
cide memes remains a key barrier to develop-
ing and evaluating automated moderation ap-
proaches. In this paper, we introduce FigSIM,
the first dataset designed for fine-grained anal-
ysis of suicide memes. The dataset consists
of 1049 memes, each annotated for (1) fine-
grained suicide severity levels, (2) figurative
phenomena (e.g. metaphors), and (3) suicide-
related content (e.g. suicide method depic-
tion). We benchmark 16 unimodal and mul-
timodal models across three tasks: figurative
language, suicide severity, and suicide-related
content detection. Overall, FigSIM demon-
strates that suicide memes pose unique chal-
lenges for both modeling and content moder-
ation. Analysis revealed biases, such as un-
derprediction of higher suicide severity levels,
especially for figurative memes. The dataset
(including splits used for analyses) is available
at: https://github.com/LiuliuChen/FigSIM.

Content Warning: This paper contains suicide-
related content that may be triggering.

1 Introduction

Memes, as a multimodal form of online expression,
are increasingly attracting attention from social me-
dia researchers (Nguyen and Ng, 2024). By com-
bining visual templates with user-generated text,
memes are widely used to express ideas, emotions,
and humor across diverse online communities and
topics (Literat and Kligler-Vilenchik, 2019). How-
ever, their rapid dissemination also raises risks,

especially when they are used to spread harmful
content, whether deliberately (e.g., toxic, racist)
or unintentionally through engagement with sen-
sitive topics. In particular, mental health memes,
especially those involving suicide-related content,
present complex challenges for both research and
social media moderation.

Suicide is a serious public health problem with
cascading impacts on families, communities, and
society (Pirkis et al., 2024), and has become the
third leading cause of death among 15–29-year-
olds worldwide (WHO, 2024). Social media plays
an increasingly important role in suicide prevention
(Rice et al., 2016). Young people use social media
to seek help for mental health concerns, disclose
suicidal thoughts, and connect with peers (La Sala
et al., 2025). These behaviors offers opportunities
to better understand suicidal behavior and identify
risk signals for early intervention (Rice et al., 2016).
However, research consistently shows that expo-
sure to suicide-related content online could be dis-
tressing or harmful for some audiences, especially
when posts include explicit, graphic, or method-
related details (Robinson et al., 2018). Such con-
tent can be emotionally challenging and triggering
(Susi et al., 2023), which increase the likelihood
of imitative behavior (e.g., self-harm) (Robinson
et al., 2025; Susi et al., 2023). Importantly, the im-
pact of suicide-related content may differ between
individuals, and content shared without harmful in-
tent may still inadvertently cause distress to those
who are exposed to it (Thorn et al., 2023).

The use of suicide memes further blurs the
boundary between harmful and supportive com-
munication. The inherent humor characteristic of
memes makes it challenging to interpret the im-
ages’ underlying intent (Vásquez and Aslan, 2021).
Suicide jokes are often perceived as dark humor
or hyperbole that may not reflect actual suicidality
(Smith and Linker, 2021). Further, meme tem-
plates are typically visually stylized (Nguyen and
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Ng, 2024), and suicide-related content (e.g., meth-
ods) may be depicted in stylized forms that affect
interpretation. Prior studies report mixed impact of
suicide memes: while they may serve as a coping
mechanism, they can also obscure personal distress,
decrease sensitivity to suicide, or cause negative
emotions among viewers (Perez, 2019; Nicomedes
et al., 2024). This ambiguity introduces additional
challenges for accurate moderation, for both human
reviewers and automated systems. Yet, there is no
moderation strategy or algorithm that is specifically
targeted at suicide memes.

Over the last decade, studies on suicide risk on
social media have focused primarily on text (Ji
et al., 2021; Matero et al., 2019; Sawhney et al.,
2020), and more recently on multimodal data such
as naturalistic images and audio (Chatterjee et al.,
2022; Badian et al., 2023), typically as binary clas-
sification tasks (suicidal vs. non-suicidal). How-
ever, assessing different levels of suicide severity
risk is crucial for designing more precise and effec-
tive interventions (Gaur et al., 2019). The meme
format further increases the difficulty of accurately
interpreting such content, as traditional machine
learning models often struggle to capture implicit
cues such as metaphor and irony (Mazhar et al.,
2025). Within the mental health domain, prior re-
search has explored the detection of depressive and
anxiety symptoms in memes (Huang et al., 2024;
Mazhar et al., 2025). Recent quantitative studies
have revealed the distinguishable characteristics of
suicide memes (Chen et al., 2025). More broadly,
numerous studies have focused on the detection of
hateful (Huang et al., 2024), toxic memes (Kiela
et al., 2020), and figurative detection of political
memes (Liu et al., 2022).

However, to the best of our knowledge, no ex-
isting studies have yet focused on (1) identifying
figurative language in suicide memes, (2) identify-
ing fine-grained suicide risks within suicide memes,
(3) assessing the transferability of current memes
classification models to suicide meme.

To address the above gaps, we present the first
novel and challenging multi-label suicide memes
dataset called FigSIM (Fine-grained Figurative
Suicide Meme). We propose three tasks: figurative
language, suicide severity risk, and suicide-related
content detection in suicide memes. We benchmark
FigSIM against 16 competitive baseline models
(20 configurations). The best-performing multi-
modal model achieves macro-F1 scores of 70.21%,
71.60%, and 58.51% on the three tasks, respec-

tively. Further analysis highlights the difficulty and
challenges posed by suicide memes. In particular,
we make the following key contributions:
(1) A novel dataset consists of 1,049 suicide memes
with fine-grained manual annotations related to fig-
urative phenomena, suicide severity grounded in
clinical scales, and suicide-related content.
(2) A comprehensive benchmark of unimodal and
multimodal models on proposed tasks.
(3) Thorough analyses of the dataset and bench-
mark results, highlighting the challenges and biases
of current models on suicide memes.

2 Related Work

2.1 Meme Understanding

Memes have become widely used for communi-
cation on social media, especially among young
people (YPulse, 2019). Existing studies on memes
can be broadly divided into: classification, interpre-
tation, and explanation (Nguyen and Ng, 2024). In
this work, we focus specifically on meme classifi-
cation. Classification studies have mainly focused
on detecting harmful memes, such as those that
are abusive (Das and Mukherjee, 2023; Jha et al.,
2024), hateful (Kiela et al., 2020), or offensive
(Suryawanshi et al., 2020), in the context of binary
classification. Other works have also explored ad-
ditional aspects of memes through multi-class clas-
sification, such as figurative language types (e.g.,
irony, metaphor) (Liu et al., 2022), mental health
symptoms (Yadav et al., 2023; Mazhar et al., 2025),
humor (Tanaka et al., 2022), and targets (e.g., race)
(Mathias et al., 2021).

2.2 Mental health and Social Media

There is extensive research on mental health in
social media contexts. Many studies have ana-
lyzed language patterns and online engagement to
identify symptoms of depression (De Choudhury
et al., 2021), anxiety (Shen and Rudzicz, 2017),
and suicide ideation (Matero et al., 2019; Ji et al.,
2021). A few efforts have been made to classify
fine-grained depressive symptoms using post text
(Yadav et al., 2020) and suicide risk severity (Gaur
et al., 2019). Beyond text, researchers have also
explored using visual information in shared images
to capture psychological cues (Reece and Danforth,
2017; Manikonda and De Choudhury, 2017). Re-
cent work has increasingly adopted multimodal ap-
proaches combining language, vision, and speech
to improve detection performance (Chatterjee et al.,
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2022; Badian et al., 2023).
However, memes as an emerging multimodal so-

cial media format have received limited attention
in mental health research. Only a few recent stud-
ies have developed models that use mental health
memes to identify fine-grained depressive or anx-
ious symptoms (Yadav et al., 2023; Mazhar et al.,
2025). Chen et al. (2025) examined the unique char-
acteristics of suicide-related memes and developed
a binary classification model. Yet, the literature still
lacks a deeper understanding of suicide meme and
robust fine-grained classification models designed
specifically for them.

2.3 Suicide Memes Moderation

Beyond detection, designing effective moderation
strategies for suicide memes remains an open prob-
lem. Existing guidelines for online suicide commu-
nication, such as #chatsafe (Robinson et al., 2023),
rarely address meme-based content, largely due
to the lack of empirical evidence regarding which
types of suicide memes should be considered harm-
ful. Coarse binary classification provides insuffi-
cient granularity to understand the diverse intent
and impacts of suicide-related memes (Chen et al.,
2025). In addition, the mixed impacts of suicide
memes further complicate moderation decisions
(Mueller and Abrutyn, 2015).

Therefore, there is a clear gap in existing modera-
tion models and frameworks for addressing suicide
memes. An important goal for researchers, social
media platforms, and society is to design and de-
velop a context-aware and domain-specific moder-
ation framework that can shape safer online envi-
ronments. As a first step, we introduce the FigSIM
dataset, a fine-grained multimodal dataset that cap-
tures figurative phenomena and suicide risks in
memes. We hope this dataset will provide a founda-
tion for future research on multimodal understand-
ing and fine-grained suicide risk detection, and pro-
vide insights for designing moderation frameworks
specifically targeting suicide memes.

3 Dataset Construction

In this section, we present a new benchmark
dataset: FigSIM, for identifying Fine-grained
Figurative Suicide Memes. The dataset was de-
veloped based on clinical assessment scales, online
suicide communication guidelines, and figurative
language theories. Psychologists and researchers
specializing in youth suicide prevention contributed

to each phase of the annotation development and
process.

3.1 Dataset Collection
We collected images from r/SuicideMeme, a sub-
reddit dedicated to sharing suicide-related memes
that ranks among the top 5% of Reddit communi-
ties by size (Reddit, 2024b). Using Pushshift Red-
dit API (Baumgartner et al., 2020), we retrieved
all submissions, extracted image URLs, and down-
loaded images using the Requests library. We fil-
tered memes by requiring embedded text (if any)
to be in English and readable by OCR, and by re-
moving near-duplicate memes (same image with
fewer than three-word differences). Memes with-
out overlay text were kept, as purely visual memes
are also important and often more difficult to in-
terpret. After filtering, we obtained 1967 suicide
memes posted between April 2018 and December
2022. Due to limited annotation resources, we ran-
domly sampled 1050 memes for annotation.

3.2 Annotation Scheme and Categories
We developed a multidimensional annotation
scheme consisting of the following five categories:
(1) figurative phenomenon, (2) suicide severity
scale, (3) suicide-related content, (4) modality,
and (5) context. Figure 1 shows the examples for
each label in each category. The detailed label
definitions for each category see Appendix B.

Category: Figurative Phenomenon. This cat-
egory captures whether a meme contains figurative
expressions. The labels include: (1) Metaphor; (2)
Pun/Double meaning; (3) Irony/Sarcasm. Memes
are labeled as None if no figurative expressions ap-
ply. As a meme may contain multiple figurative
types, this category is treated as multi-label.

Category: Suicide Severity Scale. The sui-
cide severity scale category was designed using
the Columbia-Suicide Severity Rating Scale (C-
SSRS) (Posner et al., 2011), a clinical scale widely
used to assess the presence and intensity of suicidal
ideation and behavior. An additional label suicide
death is introduced to better capture content refer-
encing fatal outcomes. The final labels include: (1)
None; (2) Wish to be dead; (3) Suicide ideation; (4)
Suicide planning; (5) Suicide attempts; (6) Suicide
death. This category is treated as ordinal.

Category: Suicide-related Content. To en-
hance the scheme’s applicability and capture the
nature of memes and social media platforms, we
designed another category: suicide-related con-
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(F1) Metaphor (F2) Pun/double meaning (F3) Irony/Sarcasm

(SS1) Wish to be dead (SS2) Suicide ideation (SS3) Suicide planning (SS4) Suicide attempts

(SR1) Suicide methods/
locations: stylized location

(SR2) Suicide methods/
locations: naturalistic location (SR4) Harmful factors(SR3) Protective factors

(M-2) Text

(C2) Context-required

(C1) Context-not-required

(SR5) Third-person description

(SS5) Suicide death

(M3) Image

(M1) Complementary

(M2) Text

Figure 1: Examples of memes from each annotation category: Figurative Phenomenon (F1–F3), Suicide Severity
(SS1–SS5), Suicide-related Content (SR1–SR5), Modality (M1–M3), and Context (C1–C2).

tent, which is treated as multi-label. We used two
media guidelines: #chatsafe (Robinson et al., 2023)
and the Mindframe (McTernan et al., 2018), which
were developed to support safe online communi-
cation about suicide. Additional labels were intro-
duced to capture potential cues that are harmful or
protective in the context of suicide. The final labels
include: (1) Suicide methods/locations: stylized
depiction; (2) Suicide methods/locations: natural-
istic depiction; (3) Protective factors; (4) Harmful
factors; (5) Third-person description. Memes are
labeled as None if none apply.

Category: Modality and Context. Two cat-
egories, Modality and Context, were introduced
for computational analysis purposes. For Modal-
ity, memes were labeled as text, image, or com-
plementary, depending on whether the meme can
be interpreted using a single modality or requires
both image and text jointly. The Context category
identifies whether interpreting suicide-related in-
formation is straightforward or requires external
or background knowledge (e.g., understanding a
suicide-related metaphor). Each meme is labeled
as either context-required or no-context-required.

3.3 Annotation Process
We used Argilla1 as our annotation platform, hosted
in the secure cloud environment at the University
of Melbourne.

1https://argilla.io/

Pilot Annotation and Scheme Refinement. We
conducted two pilot rounds (50 memes each) to
refine the annotation scheme. Four annotators, a
registered psychologist and researcher specializing
in youth suicide prevention, and three computing
and health informatics researchers, independently
annotated the pilot batches. We held regular ad-
judication meetings to resolve disagreements, en-
sure conceptual clarity, and align interpretations,
which informed iterative scheme refinement. Dur-
ing the pilot rounds, we documented brief image
descriptions and annotation explanations to cap-
ture annotators’ reasoning (Appendix A). Prior to
large-scale annotation, a calibration batch (N=50)
was annotated to assess inter-annotator agreement
(IAA) between annotators.

Large-Scale Annotation and Adjudication.
For large-scale annotation, two annotators from
the pilot rounds (one from psychology, one from
computing) independently labeled each meme. Dis-
agreements were adjudicated by a third annotator
from the pilot study, who determined the final gold-
standard labels. IAA was monitored for each batch
to track annotation consistency.

IAA. We computed IAA separately for each an-
notation category. For single-label categories, we
used Cohen’s κ (Cohen, 1960) to measure chance-
corrected agreement. For multi-label categories,
we report the average Cohen’s κ across individual
labels (excluding None). Final agreement was cal-
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Category Type κ Agreement

Suicide Severity Scale Single 0.65 Substantial
Modality Single 0.88 Almost perfect
Context Single 0.58 Moderate
Figurative Phenomenon Multi 0.56 Moderate
Suicide-Related Content Multi 0.63 Substantial

Table 1: IAA across annotation dimensions. Interpreta-
tion following Landis and Koch (1977).

culated on the independently annotated large-scale
dataset (N=900), excluding pilot and calibration
batches, as shown in Table 1.

4 Dataset Analysis

The final dataset contains 1049 suicide memes
annotated across five categories: figurative phe-
nomenon, suicide severity, suicide-related content,
modality, and context. One meme was discarded
due to quality control. In this section, we analyze
the dataset to highlight its complexity and associ-
ated modeling challenges.

4.1 Data Distribution and Statistics
Figure 2 shows the label distributions across anno-
tation categories. For Suicide Severity Scale, the
dataset is dominated by suicide ideation, while very
few memes indicate suicide death. Most memes
are labeled as irony/sarcasm, while 146 out of
1049 contain no figurative expression. For Suicide-
related Content, stylized method depictions and
harmful factors are most common, whereas pro-
tective factors and third-person descriptions occur
less often. On average, each meme contains 1.06
figurative labels and 0.69 suicide-related labels (ex-
cluding None). Most memes are complementary
and no-context-required. Cross-category relation-
ships are analyzed in Appendix C.

4.2 Inter-annotator Agreement
Table 1 reports IAA across the annotation cate-
gories. Overall, Suicide Severity Scale, Suicide-
related Content, and Modality show substantial to
almost perfect agreement, suggesting consistent
agreement in identifying suicide-related risks and
the visual–textual structure of memes. In contrast,
Figurative Phenomenon and Context show lower
agreement (moderate), potentially due to the inher-
ent subjectivity of figurative interpretation and the
nuanced judgments required to determine whether
external context is needed, which may also vary
across annotator demographics. Supplementary
metrics and label-wise agreement see Appendix D.

4.3 Visual and Language Analysis

We conducted a visual and language analysis fo-
cusing on the category Suicide Severity Scale.

Visual Analysis: We extracted image features,
including brightness, colors (HSV), contrast (stan-
dard deviation of grayscale values), and face pres-
ence (binary Haar-cascade detection). We com-
pared these features across suicide severity scale
labels using Kruskal–Wallis tests with Dunn’s post-
hoc comparisons (Bonferroni adjusted, α = .05).
Two features showed significant differences: Sui-
cide death memes show lower saturation than all
other labels, while contrast is significantly higher
in suicide planning and suicide death memes com-
pared to wish to be dead memes. Other features
also showed non-significant but interesting trends.
For example, face presence was lower in suicide
attempts than in suicide ideation (p = .063).

Language Analysis: Using LIWC (Pennebaker
et al., 2015) and EmoLex (Mohammad and Tur-
ney, 2013) lexicons, we quantified psycholinguistic
and emotional features on meme text. The same
statistical tests used in the visual analysis were
applied. Overall, 35 features differ significantly
across the Suicide Severity Scale. Linguistic com-
plexity varies across severity. For instance, sui-
cide planning memes contain longer sentences than
wish to be dead and suicide attempts, while suicide
ideation shows higher word count than suicide at-
tempts. Affective features, such as sadness and
fear, are more prevalent in suicide ideation memes
than in other levels. Finally, death-related terms
show the strongest distinctions across severity lev-
els, with higher usage in suicide ideation memes.

4.4 Moderation Analysis

For moderation analysis, we evaluate three
multimodal moderation models: OpenAI
omni-moderation-latest, Azure AI Content
Safety, Llama-Guard-3-8B. Although our
dataset lacks harmfulness labels, these models’
predictions provides insights to how current
moderation models behave on suicide memes. As
shown in Table 2, the proportion of flagged memes
increases with suicide severity across all models.
Azure AI Content Safety is the most sensitive, with
the highest flag rates for both suicide/self-harm
and overall harm categories. Notably, the overall
harm flag rate is consistently higher than the
suicide/self-harm flag rate, indicating that some
memes are flagged due to other potential risks (e.g.,
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Figure 2: Distribution of annotations across all categories in the FigSIM dataset. Pie charts show the label
frequencies and proportions for each annotation category.

Suicide/Self-harm Overall Harm
Azure Llama OpenAI Azure Llama OpenAI

None 0.304 0.304 0.143 0.437 0.304 0.180
Wish to be dead 0.271 0.312 0.243 0.372 0.312 0.339
Suicide ideation 0.619 0.386 0.475 0.678 0.386 0.501
Suicide planning 0.560 0.509 0.497 0.660 0.509 0.521
Suicide attempts 0.661 0.428 0.575 0.745 0.428 0.653
Suicide death 0.633 0.333 0.500 0.767 0.333 0.667

Table 2: Moderation flag rates across suicide severity.
“Suicide/Self-harm” refers to flags triggered specifically
by self-harm, whereas “Overall Harm” includes any flag
raised by other safety categories (e.g., violence).

Figure 3: Azure moderation outcomes by suicide sever-
ity and figurative expression. Values represent mean
self-harm severity score (scale: 0-7).

violence) rather than suicide-related concerns.
Figure 3 shows Azure’s suicide/self-harm sever-

ity score across suicide severity levels and figu-
rative phenomenon. At the same severity level,
figurative memes tend to receive lower scores than
non-figurative memes. The results suggest that
figurative language may impact how moderation
models interpret suicide-related content.

5 Experiments, Results, and Analysis

We proposed three tasks for the FigSIM dataset: (1)
figurative language detection, (2) suicide severity
detection, and (3) suicide-related content detection.

Below, we present baseline results for a set of state-
of-the-art unimodal and multimodal models.

5.1 Baselines

We evaluate baseline models across text-only,
image-only, and multimodal configurations. Our se-
lection aims to provide a representative benchmark
including widely used pretrained text and vision,
multimodal models, recent multimodal large lan-
guage models (MLLMs), and task-adjacent meme
models from mental health research.

Text only: We extract OCR text from each
meme using Google Vision API and fine-tune three
pretrained language models: BERT-base (Devlin
et al., 2019), MentalBERT (Ji et al., 2022), and
RoBERTa (Liu et al., 2019).

Image only: We fine-tune ResNet-50 (He et al.,
2016), ViT-Base (Dosovitskiy et al., 2021), and
DINOv2 (Oquab et al., 2024).

Multimodal: We finetune CLIP (Radford
et al., 2021) and BLIP-2 (Li et al., 2023).
We additionally evaluate MLLMs using zero-
and few-shot prompting: gpt-5-mini (Ope-
nAI, 2025), claude-sonnet-4-5 (Anthropic,
2025), gemini-3-pro (Google DeepMind, 2025),
Llama-3.2-11B-Vision-Instruct (Dubey et al.,
2024), Qwen3-VL-8B-Instruct (Bai et al., 2025),
and InternVL3_5-8B (Wang et al., 2025).

Specialized meme models: We further eval-
uate mental-health meme models from adjacent
domains to examine their cross-domain generaliza-
tion to suicide memes. Specifically, we include
the depression symptom detection model proposed
by Yadav et al. (2023) and the M3H framework
(Mazhar et al., 2025), a recent model for mental-
health meme classification that incorporates figura-
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Input Model Figurative detection Suicide severity detection Suicide-related detection
F1macro F1weighted F1macro F1weighted F1macro F1weighted

Text-only
BERT 51.25±4.34 75.98±1.44 48.45±2.78 49.73±2.46 35.22±3.01 44.31±2.66
MENTALBERT 54.09±4.89 77.06±1.75 48.07±2.46 50.03±2.49 40.69±1.95 49.33±0.96
ROBERTA 53.05±1.99 76.41±0.91 49.97±3.39 51.81±3.20 38.37±1.12 48.58±1.01

Image-only
ResNet-50 43.18±4.74 72.23±1.77 21.70±3.67 22.55±3.52 25.58±1.32 34.88±0.58
ViT 55.53±1.78 77.20±0.78 25.88±1.11 27.99±0.69 32.36±3.39 36.82±3.99
DINOv2 53.02±2.63 76.07±1.50 26.75±4.75 28.13±5.73 31.86±1.90 37.09±1.62

Multimodal

CLIP 62.06±1.27 80.21±0.36 49.97±1.08 52.10±1.32 33.70±1.67 43.75±1.86
BLIP-2 55.36±4.08 77.46±1.80 39.47±0.34 41.95±0.41 38.81±3.37 44.25±2.65
GPT-5-mini zero-shot 65.46±2.87 80.40±2.03 65.78±2.28 66.22±2.29 52.52±3.99 53.36±3.03
GPT-5-mini few-shot 63.58±1.46 76.04±0.91 67.41±1.46 67.95±1.31 53.87±0.46 54.54±0.47
Claude-sonnet-4-5 zero-shot 70.21±0.82 80.69±0.42 62.51±2.44 63.27±2.31 55.72±1.85 59.96±1.56
Claude-sonnet-4-5 few-shot 66.87±1.81 70.81±1.20 62.02±0.38 62.80±0.44 55.15±1.50 61.21±1.36
Gemini-3-pro zero-shot 60.24±0.24 73.15±0.92 66.09±2.21 65.67±2.24 58.51±4.06 58.16±2.53
Gemini-3-pro few-shot 63.79±1.78 74.38±1.39 71.60±2.43 71.73±2.52 54.57±2.06 57.03±1.26
Llama-3.2 Vision zero-shot 50.59±0.32 71.73±0.13 34.62±6.79 33.51±0.00 23.98±3.40 37.60±0.00
Llama-3.2 Vision few-shot 34.42±0.00 66.10±0.00 26.03±0.00 30.83±0.00 22.86±0.00 32.70±0.00
QWen3-VL zero-shot 59.13±0.11 76.48±0.14 42.03±0.41 44.62±0.52 44.45±6.79 49.00±0.01
QWen3-VL few-shot 58.85±4.33 75.85±2.95 52.55±0.21 54.45±0.11 42.80±0.00 48.14±0.00
InternVL3.5 zero-shot 42.81±4.18 74.71±5.74 31.03±0.00 33.87±0.00 45.13±1.38 45.91±1.78
InternVL3.5 few-shot 49.09±0.00 72.07±0.00 31.88±0.00 34.93±0.68 45.18±1.79 48.42±0.60

Specialized Yadav et al. (2023) – – 49.01±2.98 50.89±2.99 – –
M3H – – 61.47±1.74 62.58±1.95 – –

Table 3: Comparison of model performance on the test set (N = 208).

tive and commonsense signals.
Implementation details We split the dataset into

training, validation, and test sets using a stratified
strategy to preserve label distributions across all
annotation categories. The data was divided using
a 60:20:20 ratio, resulting in 633 training memes,
208 validation memes, and 208 test memes (for
detailed label-wise statistics see Appendix E). We
trained all supervised models using CrossEntropy-
Loss for single-label categories and BCEWithLog-
itsLoss for multi-label categories. To mitigate class
imbalance, we applied class-reweighted losses and
tuned decision thresholds for multi-label tasks. For
MLLMs, prompts were constructed using the anno-
tation definitions and guidelines. We report macro-
F1 and weighted-F1 scores on test set. For detailed
training configurations see Appendix E.

Due to extreme class imbalance, we merged Sui-
cide Attempt and Suicide Death into a single class,
Suicide Attempt/Death, for suicide severity classi-
fication, and exclude the Third-person description
label from suicide-related content detection.

5.2 Performance Comparison

Table 3 shows baseline model performance across
tasks. Language models consistently outperform vi-
sion models on suicide severity and suicide-related
content detection. This suggests that linguistic cues
play an important role in inferring suicide intent,
while visual information alone is often insufficient.

MLLMs achieve the strongest performance
across all three tasks, with commercial MLLMs
consistently outperforming open-source MLLMs.
Notably, LLaMA refuses to generate predictions
for several images; therefore, these instances are
excluded from evaluation for LLaMA. This be-
havior reflects the safety filtering mechanisms of
LLMs, which may limit their applicability in this
context. Interestingly, few-shot prompting often
reduces performance for figurative detection, likely
due to prompt sensitivity and subjective interpreta-
tion. In contrast, suicide severity detection benefits
more consistently from few-shot examples, which
indicates that explicit guidance helps models distin-
guish between fine-grained risk levels. Across mod-
els, suicide-related content detection is the most
challenging task, with the lowest macro-F1 scores.

Existing models for mental-health memes detec-
tion demonstrate certain transferability for suicide
severity detection. The M3H framework outper-
forms many baseline models, but there is still a
substantial gap (10%) between M3H and the best-
performing model. This gap suggests the need for
suicide-specific domain knowledge beyond what is
captured by current mental-health meme models.

Table 4 shows per-label F1 scores for the best-
performing model selected based on macro-F1 for
each task. For figurative detection, performance is
highest for irony/sarcasm, potentially due to the its
dominance in the dataset. Suicide severity detec-
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Label F1 Avg. F1 Model

Figurative Phenomenon
Irony/sarcasm 86.70±0.60

70.21
Claude
sonnet
zero-shot

Metaphor 65.93±1.28
Pun/double meaning 58.00±1.54

Suicide Severity Scale
Wish to be dead 75.68±4.80

71.60
Gemini 3
pro
few-shot

Suicide ideation 71.57±3.13
Suicide planning 68.14±3.23
Suicide attempt/death 71.62±1.92
None 70.98±1.71

Suicide-related Content
Protective factors 61.76±8.02

58.51
Gemini 3
pro
zero-shot

Harmful factors 47.19±1.05
Stylized depiction 69.92±2.45
Naturalistic depiction 55.18±5.97

Table 4: Per-label F1 scores and Average (per-label F1)
for the best-performing model in each task.

tion shows relatively balanced performance across
severity levels, with the lowest F1 in suicide plan-
ning. Suicide-related content detection exhibits
lower F1 scores for harmful factors and naturalistic
depictions, indicating greater modeling difficulty.

5.3 Error Analysis

To better understand model performance, we con-
duct an error analysis on the best-performing mod-
els for each task.

Severity calibration bias. Figure 4 shows over-
and underprediction of suicide severity conditioned
on the true label. For suicide severity detection,
models tend to over-predict lower-severity cate-
gories (None and Wish to be dead) but underpredict
higher suicide severity (Suicide planning and Sui-
cide attempts/death). Figurative language is associ-
ated with this underprediction. When suicidal risk
is expressed figuratively, severity is substantially
underestimated more often than for non-figurative
memes. This pattern is most evident for metaphori-
cal expressions, though the number of such cases is
limited. Importantly, this effect persists even when
figurative language is correctly identified, suggest-
ing that the primary challenge lies not only in de-
tecting figurative cues but also in mapping indirect
expressions to appropriate severity levels. Detailed
analyses are provided in Appendix F.

Context-required cases are challenging. Al-
though most misclassified memes are no-context-
required due to dataset imbalance, context-required
memes exhibit relatively higher error rates across
tasks. Similarly, while complementary memes
dominate the dataset, unimodal cases (e.g., text-

Figure 4: Counts of over- and underprediction for sui-
cide severity, conditioned on true labels.

only) show higher misclassification rates. These ob-
servations suggest that models may struggle with-
out context or multimodal cues, though conclusions
are constrained by the small number of such cases.
Detailed analyses are provided in Appendix F.

6 Discussion and Implications

Our dataset analysis highlights the unique chal-
lenges of suicide meme understanding. Lower IAA
on figurative phenomenon and context reflects the
inherent subjectivity and ambiguity of humor and
implicit meaning in memes, which complicates sui-
cide severity interpretation. Existing moderation
models exhibit varying sensitivity across suicide
severity levels. Memes with higher suicide sever-
ity are more likely to be flagged, while figurative
expressions are often assessed as less severe. How-
ever, future qualitative validation is necessary to de-
termine if flagged memes are truly harmful. Across
baseline models and tasks, MLLMs achieve the
strongest results, though task difficulty varies sub-
stantially within the dataset. Error analysis shows
that MLLMs tend to underpredict higher severity
categories, and performances may be affected when
the context is required. Overall, these findings high-
light the complexity of suicide memes and the need
for models that better integrate figurative language,
multimodal signals, and fine-grained suicide risk.

Our dataset highlights the importance of explic-
itly considering meme formats in online safety and
suicide content moderation. We hope this dataset
can support hypothesis generation and evidence-
building regarding the characteristics of suicide
memes, inform the development of more context-
aware moderation strategies, and contribute to guid-
ance on safer online communication about suicide
beyond text-based communication.

7 Conclusion

We introduce FigSIM, the first dataset designed for
fine-grained analysis of suicide memes. By inte-
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grating annotations of figurative language, suicide
scale severity, and suicide-related content, FigSIM
captures the complexity and ambiguity of suicide
communication in meme format. Benchmark re-
sults across unimodal and multimodal models show
that suicide memes pose unique challenges to ex-
isting models. Overall, FigSIM provides a founda-
tion for studying suicide memes and for develop-
ing more context-aware detection and moderation
frameworks beyond text-based communication.

Limitations

There are several limitations in this study. First,
the dataset is derived from a single data source,
r/SuicideMeme on Reddit. Suicide-related com-
munication, humor norms, and commonsense
knowledge may vary across communities, cultures,
and platforms. Future work aims to extend this
dataset to additional sources to improve coverage
and generalizability.

Second, while our annotation scheme was devel-
oped in consultation with youth suicide prevention
researchers including a registered psychologist, the
labels for figurative phenomenon and suicide sever-
ity are inherently subjective. The interpretation
and annotation rely solely on the content within
each meme, under the assumption that the meme
reflects indirect self-expression unless explicitly
indicated otherwise. Moreover, while our scheme
introduces more granularity than prior work, the
categories are not exhaustive and do not capture
all nuances of suicide-related expression in memes.
“Fine-grained” should therefore be understood as
relative rather than comprehensive.

Accordingly, the annotations should not be in-
terpreted as clinical judgments, nor do they pro-
vide any diagnostic insights about the meme cre-
ators. Our main goal is to understand how suici-
dality is communicated through humor and figu-
rative expression in online memes, to characterize
their varying levels of harmfulness, and support the
development of more context-aware moderation
strategies.

Ethical Considerations

This study involves the collection and analysis of
suicide memes, which contain highly sensitive and
potentially distressing material. Our primary mo-
tivation in constructing the dataset is to support
research on the detection of suicide-related on-
line content and to inform responsible moderation

strategies. However, we acknowledge that there
is potential for misuse by bad actors in ways we
cannot fully anticipate.

All data used in this study were collected ex-
clusively from the publicly accessible subreddit
r/SuicideMemes. One ethical challenge is that
we can not seek individual consent from Reddit
users. To better protect user privacy and confiden-
tiality, we followed the relevant standard outlined
by Benton et al. (2017). We removed all person-
ally identifiable information, including usernames,
metadata. Only meme images and their correspond-
ing annotations were used for analysis.

This study received ethical approval from the
University of Melbourne Human Research Ethics
Committee (Project ID: 29894).

To minimize risks related to data distribution,
we will release only the annotations and a re-
trieval script that enables approved researchers
to re-download images directly from Reddit, in
compliance with Reddit’s data policies (Red-
dit, 2024a). Access will be restricted to aca-
demic, non-commercial use. The dataset (in-
cluding splits used for analyses) is available at:
https://github.com/LiuliuChen/FigSIM.
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A Pilot Rounds: Image Description and
Annotation Note

Two pilot rounds (50 memes each) were conducted
to refine the annotation scheme. Four annotators
(described in Section 3.3) independently annotated
the pilot batches. Disagreements were resolved
through regular adjudication meetings to ensure
conceptual clarity and align interpretations. Dur-
ing these sessions, one annotator documented the
adjudication discussions by writing short image de-
scriptions (i.e., literal descriptions of the image and
the meme template sources when identifiable) and
summarizing the annotation notes for each meme.
These notes were then reviewed and approved by a
second annotator.

We emphasize that these explanations were cre-
ated to clarify annotators’ interpretations during
guideline development and calibration. They are
not intended to be used as ground-truth reasoning,
as more rigorous assessment would be required for
that purpose. Figure 5 shows an example of the
image descriptions and annotation notes.

Image description:
In the top panel, a man labeled “My mom” stands beside a 
leaking water tank labeled “Me admitting to her I’m suicidal.” 
In the bottom panel, the man slaps tape over the leak with the 
caption: “YOU’RE NOT SUICIDAL! YOU’RE JUST 
LOOKING FOR ATTENTION!” (from Flex Tape template)
Annotation note:
It is labeled as metaphor since it aligns with the annotation 
guidelines: "If a visual object is paired with a text label to 
represent something else, consider it as a metaphor" (the man-
> my mum, leaking water tank->"me admitting..."). It is 
labeled as suicide ideation given the text "i'm suicidal"; Based 
on the visual interpretation, the mother is considered a 
harmful factor, as she prevents the user from expressing 
suicidal thoughts and seeking help.

Figure 5: Examples of memes with image description
and annotation note.

B Annotation Categories and Label
Definitions

B.1 Figurative Phenomenon

The following are the definitions of labels in the
Figurative Phenomenon category. Memes are la-
beled as None (F4) if no figurative expressions
apply.

• Metaphor (F1): A cross-domain mapping
across conceptual domains (source to target).
One domain of our experience (thoughts) can
be understood in terms of another domain.

• Pun/Double meaning (F2): A form of expres-
sion that suggests multiple meanings through
a term, similar-sounding words, or, in some

cases, visual elements that create layered in-
terpretations.

• Irony/Sarcasm (F3): Profess to hold beliefs
or attitudes contrary to one’s underlying belief
or attitude for humorous or emphatic effect.

B.2 Suicide Severity Scale

The following are the definitions of labels in the
Suicide Severity Scale category. Memes are labeled
as None (SS6) if no severity applies.

• Wish to be dead (SS1): Thoughts about a
wish to be dead or not alive anymore.

• Suicide ideation (SS2): Thoughts of wanting
to end their life/die by suicide/kill oneself.

• Suicide planning (SS3): planning one’s sui-
cide such as thinking about or selecting meth-
ods, location or timing.

• Suicide death (SS5): Content that suggests a
fatal outcome resulting from a suicide attempt.

B.3 Suicide-Related Content

The following are the definitions of labels in the
Suicide-Related Content category. Memes are la-
beled as None (SR6) if no suicide-related content
is present.

• Suicide methods/locations: stylized depic-
tion (SR1): Designed elements, symbolic pat-
terns, or text description that could indicate a
method/location of suicide.

• Suicide methods/locations: naturalistic de-
piction (SR2): Contain methods or locations
where actual suicide could occur.

• Protective factors (SR3): Contain content
that protects or prevents the user from suicidal
thinking or acting on suicidal thoughts.

• Harmful factors (SR4): Contain content that
reflects potential factors contributing to the
emergence or worsening of suicidal thoughts.

• Third-person description (SR5): Mentions
of suicide-related content that involve some-
one other than the author, which do not neces-
sarily indicate the author’s suicidality.

C Additional Dataset Statistics

Figure 6 shows heatmaps capturing pairwise rela-
tionships between suicide severity, figurative phe-
nomenon, and suicide-related content. Figure 6
(a) shows that figurative phenomenon co-occur
more frequently with the labels None, harmful fac-
tors, and stylized method depictions than with other
suicide-related content labels. Figure 6 (b) indi-
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(a) Figurative x Suicide-related (b) Suicide scale x Suicide-related (c) Figurative x Suicide scale

Figure 6: Cross-category heatmaps (normalized by row; darker colors indicate higher within-row proportions).

Observed
Agreement

Jaccard Simi-
larity

Context 0.92 \
Modality 0.98 \
Suicide Severity Scale 0.72 \
Suicide-related Content \ 0.75
Figurative Phenomenon \ 0.78

Table 5: Observed agreement and Jaccard similarity
across annotation categories.

cates that across all severity levels, a large pro-
portion of memes are annotated with no suicide-
related content, while stylized method depictions
account for a higher proportion in higher-severity
categories (e.g., suicide planning and suicide at-
tempts) relative to other suicide-related labels. In
Figure 6 (c), all figurative categories show their
highest proportions at the suicide ideation level,
while labels corresponding to suicide death remain
sparse. Overall, these heatmaps reveal asymmetric
relationships across annotation dimensions, reflect-
ing overlap patterns within the dataset.

D Additional Inter-Annotators
Agreement Analysis

In addition to the main IAA results reported in the
dataset analysis section (Section 4.2), we provide
supplementary agreement metrics for all annotation
categories. Table 5 presents the observed agree-
ment for the three single-label categories and the
Jaccard similarity for the two multi-label categories.
Observed agreement reflects the raw proportion of
matching annotations, while Jaccard similarity cap-
tures set-level overlap for multi-label decisions.

Cohen κ Agreement

Metaphor 0.61 Substantial
Pun / Double meaning 0.57 Moderate
Irony/sarcasm 0.52 Moderate

Table 6: Label-wise IAA: Figurative Phenomenon. In-
terpretation following (Landis and Koch, 1977).

Cohen κ Agreement

Suicide methods/locations: stylized
depiction

0.71 Substantial

Suicide methods/locations: natural-
istic depiction

0.63 Substantial

Protective factors 0.62 Substantial
Harmful factors 0.62 Substantial
Third-person description 0.59 Moderate

Table 7: Label-wise IAA: Suicide-related Content. In-
terpretation following (Landis and Koch, 1977).

To further examine consistency within multi-
label categories, we additionally report label-wise
Cohen’s κ scores in Tables 6 and 7.

E Implementation Details

E.1 Data Split
We split the dataset into training, validation, and
test sets using a stratified strategy to preserve label
distributions across all annotation categories. The
dataset is divided using a 60:20:20 ratio, resulting
in 633 training memes, 208 validation memes, and
208 test memes. Table 8 reports detailed label-wise
statistics for each split.

E.2 Hyperparameters
All supervised models are implemented in PyTorch.
The hyperparameters used in our benchmark ex-
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Split Figurative Suicide Severity Scale Suicide Related Content Modality Context Total
F1 F2 F3 F4 SS1 SS2 SS3 SS4 SS5 SS6 SR1 SR2 SR3 SR4 SR5 SR6 M1 M2 M3 C1 C2

Train 97 73 499 88 113 207 98 100 18 97 159 49 42 169 13 240 572 44 17 553 80 633
Val 32 24 165 29 37 66 33 34 6 32 54 16 14 56 4 79 187 15 6 181 27 208
Test 32 24 169 29 39 66 32 33 6 32 53 16 14 57 4 82 187 15 6 182 26 208

Table 8: Dataset statistics across Figurative Phenomenon (F1–F4), Suicide Severity (SS1–SS6), Suicide-related
Categories (SR1–SR6), Modality (M1–M3), and Context (C1–C2). Label codes (e.g., F1: Metaphor) and full
definitions are provided in Appendix B.

Name Value

Optimizer AdamW
Learning rate 2e-5
Learning rate schedule linear
Warmup ratio 0.1
Weight decay 0.01
Gradient norm clipping 1.0
Batch size 16
Epochs [10, 20]

Table 9: Training hyperparameter setup.

Parameter Value

Decoding strategy Deterministic (temperature=0)
Temperature 0.0
Top-p 1.0
Max output tokens 128
Stop sequences } (custom eos token)

Table 10: Decoding parameters for MLLM inference.

periments are reported in Table 9. For CLIP-based
models, we use concatenation-based fusion of im-
age and text representations. All models are trained
using the same data splits to ensure fair comparison
across configurations. Models are evaluated after
each training epoch, and the checkpoint achiev-
ing the best macro F1 score on the validation set
is saved. The checkpoint with the best validation
macro F1 is then used for evaluation on the test set.

MLLMs are evaluated using zero-shot and few-
shot prompting without task-specific fine-tuning.
The decoding parameters are shown in Table 10.
Prompts are constructed using the category def-
initions and practical guidelines specified in the
annotation scheme. Table 11 shows an example
for figurative detection. For few-shot prompting,
we randomly sample six instances for each task,
ensuring that the examples cover all defined labels,
and provide both images and their corresponding
text labels as input to the models.

Experiments involving open-source and local
models were run on NVIDIA A100 GPUs, while
API-based LLMs were accessed via commercial
endpoints.

Figure 7: Over- and underprediction by figurative phe-
nomenon.

Figure 8: Over- and underprediction by suicide-related
content.

F Error Analysis

To better understand model performance, we con-
duct an error analysis on the best-performing
models for each task: Claude-sonnet-4-5
zero-shot for figurative phenomenon detection,
Gemini 3 Pro few-shot for suicide severity
classification, and Gemini 3 Pro zero-shot for
suicide-related content detection.

Label-wise Error Patterns Figures 7 and 8
present label-wise over- and underprediction pat-
terns for figurative phenomenon detection and
suicide-related content detection, respectively.
Here, over-prediction refers to false positive er-
rors, where a label is predicted but not annotated,
while underprediction refers to false negative er-
rors, where an annotated label is not predicted by
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Figurative zero-shot prompt

You are annotating a SUICIDE-RELATED meme.

TASK: Identify which figurative language the meme uses.

Allowed labels (you may choose MULTIPLE):
- Metaphor
- Pun/Double meaning
- Irony/sarcasm

DEFINITIONS:
- Metaphor: A cross-domain mapping across conceptual domains (source to target). One domain of our experience
(thoughts) can be understood in terms of another domain.
- Pun/Double meaning: A form of expression that suggests multiple meanings through a term, similar-sounding
words, or, in some cases, visual elements that create layered interpretations.
- Irony/sarcasm: Professing to hold beliefs or attitudes contrary to one’s underlying belief or attitude for humorous
or emphatic effect.

PRACTICAL GUIDELINES:
- Contrast effect in memes: Many memes use a contrast effect such as a happy image paired with a negative or dark
caption, expectation vs. reality. This type of memes should be considered as Irony/sarcasm.
- Metaphor: If a visual object is paired with a text label (e.g., “me”, “life”) to represent something else, consider it
as a metaphor. This style commonly appears in memes where meaning is constructed by assigning roles or abstract
concepts to image elements. Exception: If the text label is simply adding context or clarification to the visual object,
rather than representing something else conceptually, it should not be annotated as Metaphor.

RESPONSE FORMAT:
Return ONLY a JSON object of the form:
{"figurative": [<zero or more labels from the allowed list>]}

Rules:
- Use EXACT strings from the allowed labels (case-sensitive).
- If no figurative device is present, return an empty list: {"figurative": []}
- Do NOT include any extra keys or text.

Table 11: Zero-shot prompt: figurative phenomenon detection

the model. Across both tasks, models tend to over-
predict more salient or frequently occurring cate-
gories, such as irony/sarcasm in figurative detection
and harmful factors, stylized depiction of suicide
methods in suicide-related content detection. Sui-
cide severity prediction is analyzed separately in
the main paper (Section 5.3), where over- and un-
derprediction are defined with respect to the ordinal
severity scale.

Severity Underprediction by Figurative Sub-
type. Table 12 reports suicide severity underpre-
diction rates conditioned on the presence of dif-
ferent figurative subtypes. Overall, severity is un-
derpredicted more frequently when figurative lan-
guage is present than when it is absent. Among
figurative subtypes, metaphorical expressions ex-
hibit the highest underprediction rate, followed by
irony/sarcasm and puns/double meanings. We note
that the number of metaphor and pun/double mean-
ing samples in the test set is limited, and there-
fore subtype-level patterns should be interpreted
descriptively rather than as definitive comparisons.

Context-required cases are challenging. Due
to dataset imbalance, most misclassified memes
are no-context-required and complementary in ab-

Figurative Property Underprediction Rate N

Irony/Sarcasm
Absent 0.429 7
Present 0.604 48

Metaphor
Absent 0.551 49
Present 0.833 6

Pun/Double meaning
Absent 0.571 49
Present 0.667 6

Table 12: Severity underprediction rates conditioned
on figurative language properties. Underprediction is
computed as the proportion of samples in which the
predicted suicide severity is strictly lower than the anno-
tated ground truth, treating severity labels as an ordered
scale.

solute terms. However, within the misclassified
test set, a substantial proportion of context-required
memes are misclassified across tasks (5/26 for sui-
cide severity, 16/26 for figurative phenomenon, and
12/26 for suicide-related content detection). Sim-
ilarly, while complementary memes dominate the
dataset, unimodal cases exhibit relatively higher
error rates: 4/15 text-only memes are misclassified
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(a)

(b)

Figure 9: Examples of misclassified cases

for suicide severity detection, 7/15 for figurative
phenomenon detection, and 8/15 for suicide-related
content detection. Additionally, 3/6 image-only
memes are misclassified for suicide severity detec-
tion. These results are reported descriptively and
suggest increased difficulty when contextual infor-
mation or multimodal cues are limited, however,
conclusions are constrained by the small number
of such cases.

Qualitative Examples. Figure 9 shows exam-
ples of misclassified memes. In example (a), a
suicide method is depicted metaphorically and iron-
ically in a stylized format. Human annotators as-
signed the label Suicide planning, as a specific
method is mentioned, indicating the planning phase.
Although the figurative labels are correctly iden-
tified, the model underpredicts severity, assigning
Suicide ideation instead of the annotated Suicide
planning. In example (b), suicidal ideation is ex-
pressed through a visual pun that relies on con-
textual interpretation (success vs. suicide), leading
the model to predict None. These examples illus-
trate how indirect, figurative, or context-dependent
expressions can obscure severity cues.
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