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Abstract

Background: A major challenge in sentiment analysis on social media is the increasing prevalence of image-based content,
which integratestext and visuals to convey nuanced messages. Traditional text-based approaches have been widely used to assess
public attitudes and beliefs; however, they oftenfail to fully capture the meaning of multimodal content where cultural, contextual,
and visual elements play asignificant role.

Objective: This study aims to provide practical guidance for collecting, processing, and analyzing socia media data using
multimodal machine learning models. Specifically, it focuses on training and fine-tuning models to classify sentiment and detect
hate speech.

Methods: Social media data were collected from Facebook and Instagram using CrowdTangle, a public insights tool by Meta,
and from X viaits academic research application programming interface. The dataset was filtered to include only race-related
terms and lesbian, gay, bisexual, transgender, queer, intersex, and asexual community—related posts with image attachments,
ensuring focus on multimodal content. Human annotators labeled 13,000 posts into 4 categories. negative sentiment, positive
sentiment, hate, or antihate. We evaluated unimodal (Bidirectional Encoder Representations from Transformers for text and
Visual Geometry Group 16 for images) and multimodal (Contrastive Language-Image Pretraining [CLIP], Visual Bidirectional
Encoder Representations from Transformers[Visua BERTS], and an intermediate fusion) models. To enhance model performance,
the synthetic minority oversampling technique was applied to address class imbalances, and latent Dirichlet allocation was used
to improve semantic representations.

Results:  Our findings highlighted key differences in model performance. Among unimodal models, Bidirectional Encoder
Representations from Transformer outperformed Visual Geometry Group 16, achieving higher accuracy and macro—F;-scores
across all tasks. Among multimodal models, CLIP achieved the highest accuracy (0.86) in negative sentiment detection, followed
by VisualBERT (0.84). For positive sentiment, VisualBERT outperformed other models with the highest accuracy (0.76). In hate
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speech detection, theintermediate fusion model demonstrated the highest accuracy (0.91) with amacro—F;-score of 0.64, ensuring
balanced performance. Meanwhile, Visua BERT performed best in antihate classification, achieving an accuracy of 0.78. Applying
latent Dirichlet allocation and the synthetic minority oversampling technique improved minority class detection, particularly for
antihate content. Overall, theintermediate fusion model provided the most bal anced performance acrosstasks, while CLIP excelled
in accuracy-driven classifications. Although Visua BERT performed well in certain areas, it struggled to maintain aprecision-recall
balance. These results emphasized the effectiveness of multimodal approaches over unimodal modelsin analyzing social media
sentiment.

Conclusions: This study contributes to the growing research on multimodal machine learning by demonstrating how advanced
models, data augmentation techniques, and diverse datasets can enhance the analysis of social media content. The findings offer
valuable insights for researchers, policy makers, and public health professionals seeking to leverage artificia intelligence for

social media monitoring and addressing broader societal challenges.

(J Med Internet Res 2025;27:€72822) doi: 10.2196/72822
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Introduction

Background

The rapid growth of social mediain the early 21st century has
fundamentally transformed how people receive and share
information [1]. This seismic change in information systems
has been leveraged across various industries, ranging from
politics, finance, health care, and education [2-5], allowing
investigatorsto examine how recent technological advancements
affect people's socid interactions and understanding of the
world [6-9]. In addition, social media provides outstanding
opportunities for collecting far-reaching, information-dense,
and vast-scale data[6,8], which can be used to measurereal-time
public opinions and sentiments on awide range of topics[9-11].
Most notably, sociad media—derived sentiment measures
overcome numerous limitations of traditional survey approaches
in capturing social and cultural trends [12], providing deeper
insights into sensitive topics and social determinants of health,
such as race, gender, and sexual orientation [13]. The sense of
anonymity provided by web-based spaces embol dens peopleto
expressviewsthey may not express during in-person interactions
[14]. Callecting, cleaning, and analyzing these data often
demands expertise in artificia intelligence (Al), machine
learning (ML), data science, or computer science, posing
challenges for public health researchers with limited technical
backgrounds. This paper outlines a comprehensive framework
for collecting, preprocessing, and analyzing multimodal social
media data (eg, text and images) to derive public sentiment,
providing a generalizable approach for broader socia science
research.

Researchers are increasingly turning to socia media data to
advance research on theimpact of social and cultural exposures
on health outcomes [15-19]. Historically, measuring cultural
norms at the population level has been difficult; however,
technological advancementsin ML and Al have madeit feasible
to train and deploy models that can efficiently extract public
sentiment measures from large-scale social media datasets. For
instance, public hedth research using sociad media has
demonstrated its utility in capturing tempora changes and
geographic differences in population-level attitudes, beliefs,
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and norms toward marginalized groups [13]. However, extant
research has largely focused on harvesting and analyzing the
text of social media posts, and many hate detection and
sentiment models were designed to classify text-based content
that relied heavily on linguistic features to identify abusive
language [20,21]. With recent advances, the social media
landscape is rapidly evolving to include novel modalities (eg,
images, text, and GIFs).

Visua imagery isapowerful meansof communication, capable
of conveying socia, political, and cultural sentiments [22].
Although most social media platforms use safeguards against
hateful content, content moderating algorithms are often less
effective in identifying such content in images. There has been
aproliferation of harmful content on social mediain the form
of memes [19,23,24]. The term “meme,” originally coined by
evolutionary biologist Dawkins[25] to describe aunit of cultural
transmission akin to agene for expressing and spreading idess,
has now become synonymous with web-based content that
combinestext and images. Recent studies have sought to bridge
the gap in sociad media public sentiment analysis with
multimodal hate detection modelsthat combinetext and images
for improved accuracy. For instance, Das et a [26] aimed to
address the limitations of text-focused approaches by
incorporating object detection and sentiment analysisto enhance
meme classification. Other studies have leveraged vision and
language models (eg, Visua Bidirectional Encoder
Representations from Transformers [Visua BERTS] and
Universal Image-Text Representation) to highlight the critical
role of visual meme characteristics in conveying hateful
messages, often surpassing the impact of text aone [27]. A
study by Habash et al [28] focused on detecting and categorizing
misogynous memes into 4 types. stereotypes, shaming,
objectification, and violence. The Visual BERT model achieved
aF;-scoreof 0.722. Whilevarious studies devel oped multimodal
Al models for sentiment classification, many major
breakthroughs emerged from data competitions hosted by social
media companies.

Facebook’s parent company, Meta Platforms, Inc, launched the
Hateful Memes Challenge [29], which provided a dataset of
memes with “benign confounders’ for the expressed intent of
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challenging unimodal models and advancing multimodal Al
approaches. Thischallenge highlighted the gap between human
annotations and ML model performance, with state-of-the-art
models achieving only 64.73% accuracy compared to 84.7%
for human ratings. This finding emphasizes the complexity of
the ML task and highlights significant detection challengesthat
require significant improvements. In response, the Hate-CL | Pper
model by Kumar and Nandakumar [30] improved categorization
by capturing the interactions between picture and word
embeddings using a feature interaction matrix and Contrastive
Language-Image Pretraining (CLIP;, Open Al) features that
better comprehend subtle contextual clues, such as sarcasm.
Wu et a [31] developed the TweetEval, CLIP and enhanced
cross-attention, cross-mask mechanisms, which leverages
transfer learning and a cross-mask mechanism to enhance the
integration of visual and textual features and outperforms
conventional ensemble approaches by successfully embedding
fine-grained features. Building on thiswork, the ISSUES model
uses a pretrained CLIP vision-language model and textual
inversion to enhance the semantic capture of memes [32]. It
maps images to pseudoword tokens in the CLIP embedding
space, creating a comprehensive multimodal representation.
Thekey components of thismodel include disentangling image
and text features and using a multimodal fusion network to
achieve state-of -the-art resultsin the Hateful Memes Challenge
and HarM eme datasets. However, researchers have pointed out
that findings from these models may not generalize well to other
contexts due to the limitations of the Hateful Memes datasets
[33], which do not fully capture the diverse waysin which visual
and textual content are represented in other real-world contexts
across various social media platforms.

Research into meme dataset creation isrelatively scarce. A study
by Sharmaet al [34] highlighted how the complexity of memes
on social media, dueto their combination of textual, visual, and
audio contents, has been underestimated by researchers. They
noted that for certain types of memes, there has been alack of
comprehensive datasets that can be used for training. A study
from Kirk et al [33] focused on the collection of hateful and
nonhateful memesfrom Pinterest. They highlighted that “ memes
in the wild” are more diverse than traditional memes, posing
challenges for multimodal models. Key chalenges include
meme caption extraction and memes with pure texts and plain
backgrounds. To address the interpretability gap in multimodal
hate detection, Hee et al [35] introduced the Hateful Memes
Reasoning Dataset, which includes ground-truth explanations
to provide contextual reasons for flagged hateful content in
memes. By generating these explanations, Hateful Memes
Reasoning Dataset aims to assist content moderators in
understanding why a meme is classified as hateful [36]. In
addition, Hossain et a [37] focused on hate detection in
low-resource languages using the Bengali Hateful Memes
dataset, which identifies specific hate targets (eg, communities
and individuals) within Bengali memes. The Dual Co-Attention
Network leverages both text and images, emphasizing that
multimodal datasets are essential for understanding hate directed
at specific communities in a culturally nuanced way [38].
Building on these findings, this study aims to address current
gapsin the literature to provide guidance for socia science and
public health researchers. Much of the existing research on
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hateful meme detection has been conducted using the meme
dataset from the Facebook Al competition, such asthat by Hee
et a [36].

Objectives

We aimed to create our own dataset with memes collected from
socia media to contribute to the extension of multimodal
datasetsin thisfield. While most studies focus on the detection
of all types of hateful memes, our research concentrated
specifically on devel oping multimodal modelsto detect hateful
content targeting racial, gender, and sexual minority groups on
sociad media. These socia identities are centra socid
determinants of health and increase exposure to multiple forms
of oppression and discrimination. In addition, our study went
beyond traditional multimodal hate detection models by
systematically evaluating unimodal (Bidirectiona Encoder
Representations from Transformers [BERT; Google LLC] and
Visual Geometry Group 16 [VGG-16]; University of Oxford)
and multimodal (CLIP, VisualBERT, and intermediate fusion)
approaches, providing acomparative analysis of their strengths
and weaknesses. To further enhance classification accuracy, we
incorporated the synthetic minority oversampling technique
(SMOTE) for minority class balancing and latent Dirichlet
alocation (LDA) for topic modeling, which are methodologies
that have not been extensively explored in multimodal hate and
sentiment analysis. We hoped to facilitate research using social
media to measure cultural racism, sexism, heterosexism, and
cisgenderismto investigate how the social environment supports,
creates, and maintains health inequities. Therefore, this study
aimed to provide comprehensive and practical guidance for
collecting, cleaning, and processing social media data while
highlighting the steps we used in training and fine-tuning
multimodal ML model sto assessthe negative sentiment, positive
sentiment, hateful content, and antihateful content. In this study,
wedescribed challenges and lessons|earned during our process
of building these multimodal models to facilitate further
development in this area. By addressing these methodological
gaps and extending previous research, our study contributes a
scalable framework that integrates multimodal ML techniques
with public health applications.

Methods

Data Acquisition and Processing Pipeline

Data Collection

We collected social media data from Instagram (Meta
Patforms), Facebook (Meta Platforms), and Twitter
(subsequently rebranded X, X Corp). Using the Academic
Research application programming interface (API) from Twitter,
we queried publicly available, US-based, English-language
tweets from 2011 to 2023 until the transition of the company
to X on July 23, 2023, which led to the discontinuation of the
free dataaccessfor researchers[39]. The search queriesincluded
keywordsrelated to race and lesbian, gay, bisexual, transgender,
queer, intersex, and asexual (LGBTQIA+) community. The
retrieved JSON objects contained tweet metadata (eg, tweet
text, tweet | Ds, conversation I Ds, time stamp, and image URL ),
user metadata (eg, username, user 1D, and follower count), and
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geolocation data. Thisresulted in atotal of 55,8444,310 tweets
downloaded.

In addition, we used CrowdTangle (Meta Platforms, Inc), a
publicinsightstool (discontinued on August 14, 2024), to collect
publicly available Facebook and Instagram data[40]. Our dataset
included posts from 7 million Facebook pages, groups, and
verified profiles and 2 million Instagram accounts, including
all verified accounts and accountswith at least 50,000 followers.
CrowdTangle also provided the ability to search and download
data with image attachments containing text. We acquired a
total of 3,073,047 postsfrom January 1, 2016, to June 13, 2024,
containing termsrelated to race and LGBTQIA+. Thereturned
data included post content, image URL s, image captions, post
dates, engagement metrics, and other parameters specified in
the queries.

Data Processing

The steps needed to collect, process, and analyze these social
media data to make the image and text data Al ready are

Figure 1. Flowchart of the technical procedure.
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Amazon Web Services offers a variety of services relevant to
studies that apply ML, such as Amazon Rekognition [41].
Specifically for image and video analysis, Amazon Rekognition
allows users to upload and train custom models with minimal
memory costs. This integrated system streamlines both model
deployment and training on large datasets. Using Amazon
Rekognition's content moderation feature, which can detect
inappropriate, unwanted, or offensive content, we filtered out
nudity and unsafe content (eg, violence and drugs) across our
downloaded images.

In addition, we used the custom label featureto classify memes
and regular images, defining memes as images containing text
overlays. To achievethis, we manually annotated a dataset with
2988 images labeled “regular images’ or “memes,” with which
we trained the classification model. This process ensured the
removal of generic images of individuals, objects, and
landscapes that did not have any textual components. Of the
2988 images, 2393 (80.09%) were used for training, while 595
(19.91%) were reserved for testing. Our meme classification
model achieved a macro—+;-score of 0.96, effectively
distinguishing between regular images and memes. We stored
filtered memes separately and forwarded them to our annotators
for further review. Finally, using EasyOCR, an open-source
Python library for optical character recognition, we detected
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presented in Figure 1. The data acquired from Twitter and
CrowdTangle included URLs for posts containing media
attachments, such asimages, videos, and GIFs. For this study,
wefiltered the data to include only posts containing images. To
download images from CrowdTangle, we used Selenium to
initialize a Chrome (Google LLC) browser that navigated to
each image URL and extracted the image from the <img> tag.
To improve efficiency, we implemented multithreading
techniques to download Facebook and Instagram images. For
Twitter data, we used the urllib library (request function) in
Python (Python Software Foundation) to download images.
Unlike CrowdTangle data, the downloaded Twitter imageswere
amix of photos and memes (images with embedded texts). In
addition, if download links were available, images containing
nudity could be collected as well. We then applied 2 cleaning
steps after downloading Twitter data: nudity flagging and meme
identification.

Text embedding Predicted
Ic!

classification
results

Fusion
strategy
applied

Image embedding

and extracted text from the images [42]. It supports >80
languages and provides an easy-to-use API for text extraction.

All ML taskswere performed using the NVIDIA T4 (NVIDIA
Corporation) graphics processing unit available on the Google
Colab Pro plan. The NVIDIA T4 is agraphics processing unit
with advanced capabilitiesin handling parallel processing tasks.
Itiscommonly used in deep learning studies. The Google Colab
Pro plan provided a platfform for users to execute
high-performance algorithms on their cloud servers instead of
using local hardware.

Creating Training Data

To create the training dataset for hatefulness and sentiment
classification models, we recruited annotators who were aged
>18 years; proficient in the English language; and active on
social media platforms, such as Facebook, Instagram, or X.
Annotators were provided with a codebook containing detailed
instructions. The first annotation task determined whether a
post referenced a specific race or ethnic group, gender identity,
or sexual orientation. If none of theseidentitieswerereferenced,
annotators selected “none” and proceeded to the next post. For
postsreferencing these groups, annotatorsidentified the overall
sentiment expressed by the author of the post (neutral, positive,
or negative) and evaluated the post’s hatefulness (neutral, hate,
or antihate). Before embarking on annotations, we hosted
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labeling workshops with annotators to review these guidelines
and ascertain that the team had a clear understanding of the task
and objectives of the project. We defined hateful content as
posts that directly or indirectly engender violence,
discrimination, hostility, or prejudice against individuals or
groups based on their race, ethnicity, gender identity, and sexual
orientation. While these types of expressions appear in various
ways, including derogatory language, durs, stereotypes, threats,
insults, or demeaning statements, we directed our annotatorsto
look for content that, intentionally or unintentionally, may
perpetuate the marginalization or dehumanization of specific
groups and threaten their well-being based on their identity.

Conversely, we defined antihate posts as content that opposes
or counteracts hate speech, promoting tolerance, inclusivity, or
understanding in support of identity groups. These are posts
that acknowledge social, cultural, economic, and political
structures that further the marginalization of targeted groups
based on their identity, aiming to bring awareness and counter
these issues. Finally, we defined content where strong hate
speech or antihate sentiment was absent as neutral . These posts
may include content that is factual or noninflammatory or
content that lacks a clear stance on hate speech related to identity
groups.

We hosted several sessions with all annotators and
collaboratively worked on >400 example posts. These sessions
provided the opportunity for open discussions around specific
posts until a consensus on how to annotate was achieved. This
enabled the team to explore various and pertinent waysin which
the different groups of the study were targeted by hateful,
antihateful, or neutral content; ask questions; and achieve a
shared understanding and framework for evaluating posts
relative to targeted identities. While inherent biases might still
have influenced the dataset, our approach minimized subjectivity
through astructured dispute resol ution process and standardized
annotation procedures. In addition, we recognized that hate
speech detectionisan evolving field, and our dataset contributed
to ongoing efforts in refining these classification standards.

For the training dataset, each post was assigned to 2 annotators.
For posts where consensus was not reached between the 2
annotators, athird annotator coded poststo reach the final codes.
To facilitate the annotation process, we used Label Studio
Enterprise (HumanSignal) for researchers, an open-source
labeling platform for creating and managing labeling projects
[43]. In total, we annotated 13,000 socia media posts
downloaded from Facebook, Instagram, and Twitter for
sentiment and hateful content. After removing posts that did
not meet our inclusion criteria, we used the remaining 8521
(65.55%) social media posts to train the models.

Multimodal Architecture

Unimodal Models

We evaluated model s from 2 categories: single data source ML
models (also known as the unimodal models) and multiple
modalities of datasource models (known as multimodal models).
We hypothesized that there would be better model performances
from the multimoda model class due to the better use of
complementary information and context understanding [44].
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For unimodal models, we selected the BERT base model, a
powerful pretrained natural language processing model
developed by Google, to analyze text data. It is smple to use
and can be fine-tuned for various tasks [45]. Compared to more
refined models, such as the Robustly Optimized BERT
Pretraining Approach or BERTweet, thisrobust baseline allowed
us to evaluate fundamental architecture across varied datasets.
Moreover, our decision on BERT was guided by the need for
a better, consistent comparison between models, considering
our experiments with VisuaBERT, which applies text
embedding through BERT by default. It allowed us to directly
compare the performance of BERT’s text embeddings when
used alone in classification problems versus when used as a
component and combined with visual datain VisualBERT. For
image analysis, we tested VGG-16, which is a convolutional
neural network architecture. VGG-16 is widely used in image
recognition tasks and can classify 1000 object categories with
an accuracy of 92.7% [46].

Multimodal Models and Fusion Strategy

For multimodal models, we selected 3 advanced models that
incorporated different strategies. The first multimodal model,
Visua BERT, is designed to process and integrate both text and
image information [47]. VisuaBERT is pretrained on the
Common Objectsin Context dataset, adiverse dataset containing
33,000 images paired with captions, released by Microsoft, and
widely used in ML model training [48]. VisuaBERT has
demonstrated state-of-the-art performance on many vision and
language tasks, including Visual Question Answering, adataset
with 265,000 images containing open-ended questions [49].
Visua BERT integrates text embeddings from the BERT model
and visual embeddings from the Residual Network (ResNet)
with 50 layers by applying an early fusion approach. In this
method, multiple modalities are merged before applying the
feature extraction process [50]. The embeddings are then
concatenated into a single sequence for processing in the
transformer layers that use self-attention mechanisms to align
and integrate information across modalities. This approach
allows the model to dynamically evaluate the importance of
different input components, capturing joint representations of
text and images. Thefinal classification is accomplished using
a classifier layer to predict positive sentiment, negative
sentiment, hateful speech, and antihateful speech. To prevent
overfitting and enhance the model’s generalization capability,
adropout layer was applied during training.

CLIP was the second multimodal model implemented in this
study [51]. Because the model was trained on awide variety of
image and text contents, it performswell on many classification
benchmarks without optimization [51]. The CLIP model can
process mixed datatypes asinputs using acontrastive approach
to evaluate the relationship between them. It extracts
embeddings for both image and text through a shared CLIP
encoder and maps them into a common latent space. Unlike
Visua BERT, CLIP applies a late fusion method, generating
image and text embeddings separately and then projecting them
into a shared latent space where they are mapped based on
similarities [50]. A fully connected layer combines the output
logits with topic distributions for classification tasks.
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The third model combines ResNet with 101 layers for image
processing and fastText for text processing. We applied an
intermediate fusion method where features were concatenated
before classification [50]. FastText (Meta Al Research
laboratory) generates high-quality text embeddings more
efficiently than traditional models [52]. Intermediate fusion
allowed us to take advantage of both image and text feature
representations simultaneously, often resulting in better model
performance compared to using asingle combined representation
[50]. To support further research in thisarea, we created GitHub
repositories to share code and constructed measures [53].

Preprocessing and | mage Feature Extraction

For both unimodal and multimodal models' visual inputs, we
resized images to 224x224 pixels using the PyTorch Resize
transformation [54]. We then normalized them to the ImageNet
standard for red, green, and blue channels (red channel: mean
0.485, SD 0.229; green channel: mean 0.456, SD 0.224; blue
channel: mean 0.406, SD 0.225). This normalization reduced
variations and aligned with the pretraining conditions of the
models.

To address the challenges posed by class imbalance in the
training data and to improve generalization to unseen data, we
applied augmentation techniques for Visua BERT and CLIP.
These techniques generated diverse variations of the minority
class image samples [55]. From the Torchvision library in
PyTorch, we implemented ColorJitter (PyTorch Foundation)
[56], atransformation classthat randomly introduces variations,
such as brightness, contrast, and saturation, while preserving
the core semantics of the images. Other classes from the
Torchvision library, such as RandomHorizontal Flip [57], which
randomly flipsimages horizontally, and RandomRotation [58],
which rotates images by a random degree within a specified
range, were al so implemented, further diversifying the minority
class representation [59].

For Visua BERT and CLIP, we extracted image features and
generated high-dimensional feature embeddings using the
ResNet with 50 layers model [60]. ResNet is one of the most
commonly used neural networks, and it allows networksto scale
to hundreds of layers with competitive accuracy [61]. The
features were then processed using adaptive average pooling to
aggregate different characteristics and subsequently modified
to meet Visual BERT model’s requirementsfor input dimensions
and ensure consistency in feature dimensions [62].

Preprocessing and Text Feature Extraction

Each post contained 2 text components: text extracted from the
post meme and text from the post content. Both were cleaned
by removing nonal phabetical characters, emajis, and stop words
and then combined into a single text input before tokenizing.
To ensure compatibility with model architectures, we used
BertTokenizer for the unimodal model BERT, BERT
AutoTokenizer for the multimodal model VisuaBERT,
CLIPTokenizer for the multimodal model CLIP, and fastText
tokenizer for the intermediate fusion model.
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Model Training and Fine-Tuning

To further mitigate class imbalance for multimodal models, we
applied weighted random sampling. This method ensures that
each batch inthetraining phase preserves class balance without
data duplication and prevents bias toward the mgjority class
[63].

The acquired training data of 8521 image (memes from posts)
and text (memetext and post content) pairswere split into 60%
(n=5113) training, 20% (n=1704) validation, and 20% (n=1704)
test sets for al the models tested. Cross-entropy [64] loss was
applied to the unimodal models (BERT and VGG-16) and the
intermediate fusion model. Focal loss [65] calculation was
applied to Visua BERT and CLIP to encourage the models to
effectively learn from examples that were hard to classify and
to more heavily penalize misclassifications of minority classes.
Additional optimizations used include AdamW optimizer [54]
and gradient cal cul ation techniques. We fine-tuned modelsusing
various key hyperparameters, such as epochs (the number of
times the models are trained on the full training dataset), batch
size (the number of sample data processed before models update
their learnable parameters), and learning rate (a parameter that
governs how quickly a model learns). The validation set was
used to evaluate how well the models were learning at the end
of each epoch and help them avoid overfitting. After computing
the validation loss for the 3 multimodal models across both
negative and positive sentiment aswell as hateful and antihateful
sentiments, the models achieving the lowest validation loss for
the respective classifications were saved and applied to the test
set for afinal evaluation of models' performances, using a set
of metrics, including accuracy, precision, recal, and
macro—-score.

Additional Sampling Methods and Feature Testing

To enhance model performance, we incorporated SMOTE [66]
and L DA -derived topic distributions [67] into our classification
pipeline. These techniques were applied to all multimodal
models—CLIP, Visua BERT, and the intermediate fusion model.
Theintegration of SMOTE and L DA was designed to increase
the representation of underrepresented classes while enriching
the input features with semantic context derived from topic
modeling.

Dueto the substantial classimbalancein our dataset, particularly
in hate and antihate classifications, we applied SMOTE to
oversample the minority class. SMOTE generates synthetic
samples by interpolating between existing samples in feature
space, ensuring that the newly created dataremain representative
of the minority class. Other text augmentation techniques were
considered; however, SMOTE fit better with our purpose. For
example, synonym replacement was also commonly used for
text augmentation. It substituted wordsin a sentence with their
synonymsto create new variants of existing sentences without
changing the original meaning. However, the use of synonym
replacement might cause oversimplification because it does not
generate any new sentence structure [68]. Simpler techniques,
such as data cropping, flipping, and rotation, were tried but did
not resolve the problem. SMOTE allowed usto expand the size
of the underrepresented class without introducing duplicates,
which was critical for preventing overfitting. SMOTE was
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applied to the training set to balance the class distributions,
while the validation and test sets remained unaltered to ensure
unbiased evaluation.

To complement multimodal embeddings, we integrated semantic
featuresusing LDA. This probabilistic topic modeling technique
uncovered latent thematic structures by representing each
document as a mixture of topics. The topic model was trained
exclusively on the training set text data to avoid data |leakage
into the validation and test sets. The document-topic
distributions generated by LDA served as additiona input
features, providing probabilistic representations of the text’s
thematic content. These topic distributions were concatenated
with the multimodal embeddings from each model. Specifically,
for theintermediate fusion model, topi c features were combined
with ResNet with 101 layer image embeddings and fastText
text embeddings, enriching the input representation with
high-level semantic context. In CLIP and Visua BERT, topic
features were integrated with their respective architectures.

Quality Control Assessments

In this study, we used accuracy, macro—F4-score, precision, and

recall asmodel evaluation metricsto assess model performance
and facilitate numerical indicatorsfor model comparisons. These
eval uation metrics provided an evaluation that aligned with the

Table 1. Fine-tuned hyperparameters for unimodal and multimodal models.

Nguyen et al

classification objectives. Precision measured the model’ s ability
to avoid misclassifying nonhateful content as hateful, which
wasimportant for preventing overmoderation. Recall measured
the model’s effectivenessin identifying actual instances of hate
speech, addressing the primary goal of reducing harmful content.
Macro—F,-score balanced these competing concerns.
Macro-F;-score, precision, and recall were caculated
independently for each class and then averaged, ensuring equal
weight for al classes regardless of class size [69]. They were
especially helpful when data were imbalanced.

Ethical Considerations

This study was determined not to be a human participant
research by the University of Maryland College Park
Institutional Review Board (2072551-1). In addition, the social
media posts were anonymized, upholding user privacy.

Results

Description of Unimodal and Multimodal M odels

We evaluated loss functions (a mathematical function used to
evaluate deviation between a model’s prediction and the
ground-truth labels) and optimizers (algorithms that minimize
loss) before selecting hyperparameters that led to the selection
of best-performing models, as shown in Table 1.

Model Epochs, n Batch size, n Learning rate Optimizer Loss
Unimodal models
Text: BERT? 12 32 0.0001 AdamwW Cross entropy
Image: VGG-16° 12 32 0.0001 Adam Cross entropy
Multimodal m odels
Intermediate fusion 6 64 0.0001 AdamwW Cross entropy
Visual BERTC 15 64 0.00001 Adamw/ Focal loss
cL1pf 15 64 0.00001 Adamw Focal loss
Multimodal models+SMOTE® and L DA
Intermediate fusion 6 32 0.0001 Adamw Cross entropy
Visua BERT 6 32 0.0001 AdamwW Focal loss
CLIP 6 32 0.0001 Adamw Focal loss

3BERT: Bidirectional Encoder Representations from Transformer.
by GG-16: Visua Geometry Group 16.

“Visual BERT: Visual Bidirectional Encoder Representations from Transformer.

dCLIP; Contrastive Language-lmage Pretraining.
€SMOTE: synthetic minority oversampling technique.
fLDA: latent Dirichlet allocation.

Per for mance of Unimodal and Multimodal M odels

Table 2 presents the performance metrics of the unimodal
models, followed by multimodal models. Within each category

https://www.jmir.org/2025/1/e72822

of models, results are displayed for specific classification tasks
(negative and positive sentiment and hate and antihateful
content). There were 2 sets of multimodal models presented, 1
set without LDA and SMOTE and 1 set with LDA and SMOTE.
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Table 2. Model performance for unimodal and multimodal models.

Model and class Accuracy F1-score (macroaveraged) Precision (macroaveraged) Recall (macroaveraged)

Unimodal m odels

Text: BERT?
Negative sentiment 0.85 0.82 0.85 0.80
Positive sentiment 0.77 0.77 0.77 0.76
Hateful 0.91 0.65 0.79 0.6
Antihate 0.79 0.64 0.75 0.62

Image: VGG-16°

Negative sentiment 0.75 0.69 0.70 0.68
Positive sentiment 0.64 0.63 0.63 0.63
Hateful 0.82 0.61 0.59 0.64
Antihate 0.73 0.59 0.62 0.58

Multimodal m odels

Intermediate fusion

Negative sentiment 0.76 0.72 0.72 0.71
Positive sentiment 0.66 0.63 0.67 0.63
Hateful 0.91 0.64 0.76 0.61
Antihate 0.75 0.58 0.63 0.58
VisualBERT®
Negative sentiment 0.84 0.80 0.83 0.78
Positive sentiment® 0.76 0.76 0.760 0.76
Hateful 0.91 0.62 0.80 0.59
Antihate 0.78 0.61 0.74 0.60
CLIP®
Negative sentiment 0.86 0.83 0.84 0.82
Positive sentiment 0.74 0.71 0.77 0.71
Hateful 0.90 0.59 0.74 0.56
Antihate 0.77 0.57 0.70 0.57

Multimodal models+L DA’ and SMOTE?

Intermediate fusion

Negative sentiment 0.82 0.82 0.91 0.75
Positive sentiment 0.71 0.65 0.68 0.63
Hateful 0.84 0.79 0.82 0.77
Antihate 0.71 0.63 0.57 0.68
VisualBERT
Negative sentiment 0.82 0.44 0.61 0.31
Positive sentiment 0.85 0.42 0.57 0.34
Hateful 0.84 0.75 0.72 0.77
Antihate 0.73 0.42 0.33 0.59
CLIP
Negative sentiment 0.93 0.75 0.89 0.62
Positive sentiment 0.86 0.67 0.73 0.65
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Model and class Accuracy F1-score (macroaveraged) Precision (macroaveraged) Recall (macroaveraged)
Hateful 0.96 0.73 0.81 0.67
Antihate 0.77 0.68 0.77 0.61

3BERT: Bidirectional Encoder Representations from Transformer.
by GG-16: Visua Geometry Group-16.

“Visual BERT: Visual Bidirectional Encoder Representations from Transformer.

dvaluesin italics indicate the best-performing models within these sets.
€CLIP: Contrastive Language-1mage Pretraining.

fsmoTE: synthetic minority oversampling technique.

9L DA: latent Dirichlet allocation.

Comparison of Performance Across Models

For unimodal models, thetext-based BERT model outperformed
theimage-based VGG-16 across varioustasks. When predicting
negative sentiment, the BERT model achieved ahigher accuracy
of 0.85 and amacro—F;-score of 0.82 (Table 2). Similarly, when
predicting positive sentiment, the BERT model showed a
superior performance with an accuracy and a macro—F;-score
of 0.77. For hateful content classification, the BERT model
demonstrated an accuracy of 0.91, with a macro—F;-score of
0.65. For antihate prediction, the BERT model achieved ahigher
accuracy of 0.79 with a macro—F;-score of 0.64 compared to
the VGG-16 model’s accuracy of 0.73 and macro—F;-score of
0.59.

For multimodal models without LDA or SMOTE, when
predicting negative sentiment, the CLIP model achieved the
best performancewith an accuracy of 0.86 and amacro—;-score
of 0.83. VisualBERT closely followed, with an accuracy of 0.84
and a macro—F;-score of 0.8 (Table 2). However, the
intermediate fusion model performed the worst in thistask, with
an accuracy of 0.75 and amacro—F;-score of 0.69. In predicting
positive sentiment, VisualBERT outperformed other models
with both an accuracy and a macro—F;-score of 0.76. CLIP
achieved an accuracy of 0.74 and a macro—;-score of 0.71.
Theintermediate fusion model had the lowest accuracy of 0.66
and a macro—+;-score of 0.63. For hate classification, the
intermediate fusion model had the best performance with an
accuracy of 0.91 and a macro-F,-score of 0.64. VisualBERT
achieved an accuracy of 0.91 and a macro—;-score of 0.62.
CLIP achieved an accuracy of 0.90 and a macro—F,-score of
0.59. For antihate classification, Visual BERT performed better,
with an accuracy of 0.78 and a macro—F;-score of 0.61, while
CLIP had an accuracy of 0.77 and a macro—F;-score of 0.57,
and the intermediate fusion model had an accuracy of 0.75 and
amacro—F,-score of 0.58.

The implementation of LDA and SMOTE techniques altered
model performance patterns. For multimodal modelswith LDA
or SMOTE, when predicting negative sentiment, CLIP showed
impressive performance with an accuracy of 0.93 and a
macro—F;-score of 0.75. Theintermediate fusion model achieved

both an accuracy and a macro—F;-score of 0.82. Visua BERT

https://www.jmir.org/2025/1/e72822

showed mixed results, with a strong accuracy of 0.82 but a
significantly lower macro—F;-score of 0.44. When predicting
positive sentiment, CLIP again demonstrated the best
performance with an accuracy of 0.86 and amacro—F,_score of
0.67. VisualBERT achieved a higher accuracy of 0.85 but a
much lower macro—F;-score of 0.42 compared to other models,
indicating challenges in maintaining balanced precision and
recall. Such a pattern suggested that while data augmentation
techniques generally improved model performance, their impact
varied considerably across different architectures and tasks. For
hate classification, CLIP showed marked improvement,
achieving the highest accuracy of 0.96 and a macro—F-score
of 0.73. The intermediate fusion model demonstrated more
consistent performance across metrics with the data
augmentation techniques, along with an accuracy of 0.84 and
a macro—F;-score of 0.79. For antihate classification, CLIP
achieved a better performance with an accuracy of 0.77 and a
macro—F;-score of 0.68. VisualBERT achieved an accuracy of
0.73 and amacro—F,-score of 0.42, whiletheintermediatefusion
model had an accuracy of 0.71 and a macro—F;-score of 0.63.

These findings indicated that CLIP's architecture was
particularly robust when enhanced with data augmentation,
especialy for hate speech and negative sentiment detection.
The intermediate fusion model offered the most consistent
performance across metrics when using data augmentation,
making it potentially more reliable for balanced classification
tasks. VisuaBERT, while performing well in baseline
implementations, may require different optimization strategies
when used with data augmentation techniques.

The radar plots (Figures 2 and 3) provide a comprehensive
visualization of the performance metrics, namely accuracy,
macro—F;-score, macro precision, and macro recall, for the 3
models across the 4 categories, namely hate, antihate, positive,
and negative. Figure 2 (radar plot) showsthat Visual BERT and
CLIP were across the board better than the fusion model in
classifying sentiment, while the 3 models performed more
similarly for hate and antihate comments. Figure 3 displaysthe
accuracy, precision, recall, and macro—F;-scores for the 3
models augmented with SMOTE and topic distributions. The
augmentations tended to decrease performance in the
Visual BERT model but increased the performance of CLIP and
the fusion modelsin many categories.
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Figure2. Radar plotsof performance metricsfor multimodal models. CLIP: Contrastive Language-lmage Pretraining; Visua BERT: Visual Bidirectiona

Encoder Representations from Transformer.
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Figure 3. Radar plots of performance metrics for multimodal models with latent Dirichlet allocation and synthetic minority oversampling technique.
CLIP: Contrastive Language-Image Pretraining; VisualBERT: Visual Bidirectional Encoder Representations from Transformer.
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Discussion

Principal Findings

The core components of multimodal models are text and image
embeddings, which are designed to transform textual and visual
datainto numerical representationsthat computers can read and
manipulate. These numerical representations capture rich
features from the input data, leading to better performance in
ML tasks with their capabilities to show semantic meaning
between words or pixels. In our multimodal models, text and
image embeddingswereintegrated at certain stages (depending
on the fusion strategy), allowing models to leverage multiple
data sources for a deeper comprehension of nuanced
relationships within data. On the other hand, the experiments
on the 2 unimodal models, BERT and VGG-16, helped with
analyzing text and image embedding separately. These 2
unimodal models took text-only or image-only data as input
and used their built-in embedding features. The comparisons
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inmodd performance between multimodal modelsand unimodal
models highlighted the advantages of multimodal embeddings.

The fusion strategy applied in multimoda models also played
a critical role in effectively processing data. It decides how
information from different data modalities is combined during
the modeling processto make afinal decision. Many pretrained
models have their own default fusion methods, such as
VisualBERT using early fusion and CLIP using latefusion. The
choice of fusion strategies often significantly impacts the
multimodal model performance; therefore, the optimal one can
vary and depend on thetask needs and data characteristics. This
study used the original fusion designfor Visua BERT and CLIP.

Findings from this analysis expose distinct patterns in the
performance of unimodal and multimodal models, including
CLIP, Visual BERT, and intermediate fusion, across sentiment
(positive and negative), hate speech, and antihate speech
classification. For negative sentiment, CLIP demonstrated
superior performance, achieving the highest accuracy (0.86)
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and macro—F;-score (0.83), while VisualBERT achieved the
highest accuracy and macro—F;-score (0.76) for positive
sentiment, with the intermediate fusion model yielding the
lowest accuracy (0.66) and macro—F;-score (0.63). For hate
speech, baseline model s achieved similar accuracy levels(0.90),
with the intermediate fusion model obtaining the highest
macro—F,-score (0.64), indicating a better balance between
precision (0.762) and recall (0.61). For antihate, Visua BERT
produced a higher accuracy (0.78) and macro—;-score (0.61),
demonstrating stronger precision (0.74) compared to all other
models. However, the implementation of LDA and SMOTE
techniques altered model performance patterns. Theintermediate
fusion model demonstrated more consistent performance across
metrics with data augmentation techniques, notably in hate
speech detection (accuracy: 0.84; macro—F;-score: 0.79) and
negative  sentiment  classification  (accuracy:  0.82;
macro—F,-score: 0.82). In contrast, Visua BERT's performance
with LDA and SMOTE showed mixed results, with strong
accuracy but significantly lower macro—F;-score values in
sentiment classification tasks. For positive and negative
sentiments, Visua BERT produced average accuracy valuesand
low macro—~;-score values, indicating challengesin maintaining
balanced precision and recall. Thisdistinct pattern in sentiment
classification suggests that data augmentation techniques can
improve model performance and vary considerably across
classification tasks. Overall, these findings indicate that CLIP
is robust when enhanced with data augmentation techniques,
especialy for hate speech and negative sentiment detection.
Furthermore, the intermediate fusion model offers the most
consistent performance across all metrics when implementing
data augmentation, enhancing its reliability for balanced
classification tasks. Finally, while Visual BERT performed well
in baseline implementations, this model may require different
optimization strategies when coupled with data augmentation
techniques. Our findings align with existing research
highlighting the strengths of multimodal ML models in
analyzing nuanced aspects of complex social media content,
such as sentiment, hate, and antihate speech. A previous study
by Kumar and Nandakumar [30] introduced the Hate-CL | Pper
architecture, which effectively combined textual and visual
features to enhance classification accuracy, achieving a 0.90
micro—F;-score on their test set. Similarly, Wu et a [31]
explored the capabilities of Visuad BERT with the Facebook
Hateful Meme dataset and achieved an accuracy of 0.684. The
study by Cao et a [70] on the same topic, using the HarMeme
dataset [71], achieved an accuracy of 0.75 for Visua BERT and
0.77 for CLIP. Consistent with these insights and evaluations
of our results against the existing benchmarks, the robust
performance of CLIPand Visua BERT in our study underscores
their ability to integrate complementary modalities, promoting
nuanced representation and analysis of multimodal data. In
addition, the methodological enhancements in the use of data
augmentation techniques, such asSMOTE and LDA, caninspire
other researchers to further explore new possibilities for
advancing this critical area. The findings of this study lay the
groundwork for advancing multimodal ML by demonstrating
how fusion strategies, diverse datasets, and augmentation
techniques shape model performance. The strong results from
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CLIP and VisualBERT in combining text and images suggest
that future research could refine fusion mechanismsto improve
adaptability and robustness across diverse socia media
platforms. Given the complexities of moderating unstructured
and adversarial web-based content, future advancements should
focus on improving model resilience. This study reaffirms the
potential of advanced vision-language models in addressing
critical social challenges, including hate speech detection and
sentiment analysis.

While social media data can be a powerful lens into society, it
is a snapshot that may not be fully representative of the wider
population. The data collection includes only publicly available
discourse and may not include users with limited web-based
presence. Moreover, different platforms have varying user bases.
For example, Facebook users skew toward women, whereas X
(Twitter) skews toward men [72]. Hence, to account for
demographic variance across platforms, we sourced data from
3 platforms rather than 1; however, future studies could further
expand their data sources. Consistent with previous literature,
our findings highlight the importance of diverse datasets for
accurately analyzing harmful memes that reflect complex
cultural and social contexts. While previous studies, such asthe
study by Sharmaet al [34], have noted the limitations of existing
datasets, our results demonstrate the value of a novel dataset
that includes memestargeting minority groups. Thisinclusivity
has provided new insights into the performance of multimodal
models (eg, CLIP and VisuadBERT) in handling diverse,
nuanced social media content.

Building on the work of Chen and Pan [ 73], which highlighted
the challenges of detecting nuanced and imbalanced data, we
applied advanced data augmentation techniques (eg, SMOTE
and LDA) to effectively address class imbalances. These
methods significantly enhanced model performancefor minority
classes, such as antihate content. However, although
Visua BERT waswidely recognized as one of the most effective
models for vision-language tasks [47], the model exhibited
limitations when paired with advanced data augmentation
techniques. While the methods improved recall for minority
classes, they concurrently diminished precision, revealing
trade-offs that merit further investigation. These findings
challenge assumptions regarding VisualBERT's performance
and suggest that although augmentation strategies may be
beneficial in some contexts, the models may require further
refinement to optimize overall performance.

Overall, this study contributes to the growing body of work on
multimodal ML by demonstrating the potential of intermediate
fusion model's, advanced augmentation techniques, and inclusive
datasets to enhance the analysis of social media content. By
validating existing approaches and challenging conventional
assumptions, our findings pave the way for new directions in
addressing complex socia chalenges through multimodal
research.

This research offers notable contributions to the field of
multimodal sentiment and hate classification. It introduces a
robust and scalable pipeline for collecting, preprocessing, and
analyzing multimodal social media data, addressing critical
challenges in integrating text and image modalities. A notable
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contributionisthe creation of anovel, annotated dataset focusing
on content targeting racial, gender, and sexual minority groups.
This dataset fills an essential gap in existing resources and
expands the scope of social media—based public health research.
The study evaluates state-of -the-art models, such as Visua BERT
and CLIP, alongside unimodal baselines, such as BERT and
VGG-16, providing a comprehensive assessment of
architecture-specific strengths and weaknesses. The innovative
application of data augmentation techniques, such as LDA for
semantic enrichment and SMOTE for class imbalance
mitigation, demonstrates the untapped potential of these methods
to enhance performance, particularly for underrepresented topics
(eg, antihate content). Through rigorous eval uation using metrics
(eg, macro—F;-score, precision, and recal) and transparent
dissemination of datasets and code, this study ensures
reproducibility and practical applicability for the broader
research community. Our approach alows us to leverage
foundational architectures, such asVisualBert [47], arelatively
simple framework that draws on self-attention mechanisms to
discern relationships between text and image, and CLIP, a
framework recognized for its contrastive approach to
classification tasksin azero-shot manner, and providesastrong
baseline for our continued research. This can include testing
novel architectures in the future, such as Flamingo [74] and
Bootstrapping Language-lmage Pre-Training [75], and
evaluating how to incorporate the strengths of varying models
toimprove overal performance. With this multimodal research
approach for gauging social media sentiment and discourse
across various social media platforms targeting specific
identities, we aim to set foundational building blocks that will
serve asthe groundwork for thistype of study and help provide
guidance for other researchers who plan to embark on similar
endeavors. With the changing landscape of social mediamoving
toward less moderation and restriction of posts, it is now more
important than ever to track and investigate theimpact of hateful
content on marginalized communities.

Previous research analyzing 55,844,310 publicly available,
race-related tweets from 2011 to 2021 found a 16.5% increase
in negative sentiment at the national level during this period.
Tweets referencing Middle Eastern and Black people had the
highest proportion of negative sentiment. Furthermore, changes
in negative racial sentiment were aligned with events salient to
specific groups. For example, there were increases in negative
racial sentiment tweetsreferencing Latinx peoplefrom 2015to
2018, peaking at the end of 2018 with the midterm elections
and national discussions of the border wall and immigration
[13]. Spikesin negative sentiment for tweetsreferencing Asian
peoplewere observed in March 2020 with the emergence of the
COVID-19 pandemic and the use of stigmatizing language,
such asthe Chinavirus[76]. Social mediapostsfrom New York
City from 2019 to 2022 found temporal associations between
anti-Asian sentiment and anti-Asian hate crimes[77]. Moreover,
another study reveal ed that residentsliving in stateswith higher
anti-Black tweets had higher measures of implicit and explicit
racial bias (eg, favoring an explanation that racia disparities
weredueto alack of will and not systemic discrimination) [78].
With ongoing national discussions related to LGBTQIA+ and
racially minoritized groups, it isimportant to continue to track
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these trends. Building upon thisareawill improve the available
tools to identify posts that reference marginalized groups to
express negative or hateful content as well as positive and
antihateful content.

Previous studies have underscored how current social media
hate speech moderation has significant limitations. Kwarteng
et a [79] revealed that automated hate speech detection tools,
such as HateSonar and Perspective APl (Google LLC), solely
detected 17% of all misogynistic tweetstargeting Black women.
In addition, theinherent complexity and variation of digital hate
speech further constrain the detection efficacy of automated
social mediamoderation [80]. Thus, itisimperativeto leverage
novel ML and natural language processing modelsto facilitate
automated hate speech detection on socia media. Improving
the efficacy, accuracy, and precision of these modelsmay propel
future integration into social media platforms to detect digital
hate speechin real time and mitigate itsimpact on marginalized
groups. This study introduces potential models that can be
further optimized to improve social media hate speech
moderation.

Given the sensitive content of hate speech, it is essential to
consider ethical concerns, such as bias, fairness, and privacy.
This study used a diverse array of race and LGBTQIA+ hate
speech keywords to help ensure a representative sample. In
addition, the training posts were independently labeled by
trained annotators, and any conflicting annotationswere resolved
after comprehensive group discussions. These measures were
used to minimize the potential introduction of bias into the
supervised ML models. Asalgorithmic biases remain prevalent
concernswith novel Al models, implementing ethical safeguards
may uphold individual privacy and minimize bias in social
media hate speech detection models.

However, the study has certain limitations that warrant
discussion. While the reliance on data from a variety of
platforms, such as Twitter, Facebook, and Instagram, may be
extensive, it excludes other social media platforms. Moreover,
the dataset primarily consists of English-language social media
posts, which may limit its applicability to multilingual or
non-English contexts where linguistic and cultural nuances
could significantly influence sentiment and hate detection. In
addition, CrowdTangle and Twitter limit data collection to
publicly available posts and exclude userswho make their posts
private. Considering heightened risks associated with data
privacy, which are acutely felt by minority communities[81,82],
and the discrimination and harassment they endure[83,84], this
could incline some individuals toward private accounts,
potentially leading to biased data that may not fairly reflect
discourses and sentiments expressed by such communities.

We used keyword filtering to identify discourse pertaining to
or targeting a specific race or ethnic group, gender identity, or
sexual orientation. Although our keyword list iscomprehensive,
it is not an al-encompassing list. Thisis particularly relevant
in the realm of social media platforms, which provide a
landscape where language evolves rapidly. Furthermore,
paralinguistic communication, such asemojis, isexcluded from
the text during the cleaning process, which can lead to further
omission of subtle but potentially relevant information.
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Degpite the efforts of standardizing the annotation process
through a detailed codebook and the use of multiple annotators
to reach consensus while labeling each post, it is important to
note that the classification of sentiment, hate, and antihateful
content is subjective and can be influenced by the experiences
and biases of annotators. Data augmentation techniques, such
as LDA and SMOTE, enhanced model performance. SMOTE
particularly helpswith classimbalance by generating synthetic
examples; however, these examples may not address underlying
biases in the training data or reflect realistic hate speech data.
These difficulties likely stem from the inherent approaches of
the techniques and the complexity of detecting subtle
interactions between text and image components. In addition,
models may not capture intricate nuances and accurate
sentiments, such as sarcasm and satire. The computational
resources required for training multimodal models pose potential
barriers for researchers and institutions with limited access to
high-performance facilities.

Future research can build upon these findings by refining fusion
strategies and leveraging advanced transfer learning techniques
to improve model adaptability and robustness across diverse
datasets and platforms. Furthermore, it is essential to examine
performance variations across different marginalized groups,
such as racial minority groups, gender identities, and sexual
orientations, to identify potential biases in model predictions
and ensure equitable performance across demographic
categories. In addition, expanding datasets to include
multilingual contexts and additional modalities, such as audio
and video, would enhance the models  ability to capture the
richness of multimodal social media content. While we did not
conduct adedicated interpretability analysisin thiswork, models
such as CLIP and VisuaBERT offer several established
techniques that can be used to gain insights into their
decision-making processes. For exampl e, attention visualization,
gradient-based attribution, and probing of intermediate
representations have been commonly used to interpret these
models. Dang et al [85] and Madasu et a [86] discussed many
techniquesto analyzetheinterpretability of multimodal models.
Popular techniques used in attention map generation in recent
years are gradient-weighted class activation mapping [87],
score-weighted class activation mapping [88], and SmoothGrad
[89]. Methods such as Shapley Additive Explanations[90] and
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Local Interpretable M odel-Agnostic Explanations[91] can also
beinformative for explaining the output of the ML modelsusing
guantitative measures, indicating the distribution of each feature
from theinput datathat contributesto the model decision. These
efforts will enrich our understanding of the internal dynamics
of the multimodal models and increase confidencein the model
prediction results.

Conclusions

Al modelsare meant to befair and neutral, but when the dataset
is predominantly concentrated on English-language posts, the
model becomes biased. This can result in inequitable content
moderation, where non-English posts are either overlooked or
excessively flagged due to alack of contextual understanding.
To build a more inclusive and effective dataset, it is essential
to expand the dataset by including culturally diverse data. One
approach isto curate adataset with multiplelanguages, regional
dialects, and a mixture of 2 languages (eg, Hinglish), allowing
models to better capture real-world communication. Beyond
linguistic diversity, ensuring accurate labeling is just as
important. Native speakers and local experts can provide
nuanced annotations that reflect regional expressions and
dialectical differences, improving the model’s ability to detect
hate speech accurately while minimizing biasesin moderation.
Expanding data sources beyond Western platformsis a crucial
step in addressing these biases. Many Al models rely on
English-centric datasets [92] sourced from platforms such as
Twitter, Facebook, and Reddit, leading to an overrepresentation
of Western discourse patterns. A more bal anced approach would
include content from non-Western social mediaplatforms, such
as Weibo (China), KakaoTalk or Naver Café (South Korea),
and VKontakte (Russia), aswell aslocal newssitesand regional
forums. These sources provide unique linguistic structures,
idiomatic expressions, and cultural references that
English-centric models often fail to capture[93]. By integrating
data from a variety of platforms, Al systems can better
understand multilingual discourse, reducing disparitiesin content
moderation and improving fairness across diverse user bases.
By addressing these directions, future work can advance the
development of inclusive and impactful solutions, advancing
hate speech detection and fostering positive web-based
interactions.
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