
AI-Based Fake News Detection on Social Media Posts Combining Mul-
timodal and Unimodal Methods for Binary Classification

Siddhi Lakkarsu1, Abdulla Kerimov2

Received February 18, 2026
Accepted May 12, 2026
Electronic access August 15, 2026

Our study compared unimodal and multimodal transfer-learning models using the Fakeddit dataset. We analyzed a wide range
of models to assess the impact of text and images for fake news detection. For image-only classification, we fine-tuned Convo-
lutional Neural Network (CNN) and Vision Transformer (ViT) models. In addition, we fine-tuned a group of transformer-based
natural language processing (NLP) models for text. Then, we combined them with a late-fusion multimodal framework. We
compared model performance using machine learning (ML) metrics including accuracy, precision, recall, and F1 score. For
unimodal computer vision results, CNNs achieve a 0.45-0.60 range of F1 score with ConvNeXt-XL performing best. In
comparison, the F1 score ranges from 0.56-0.82 for ViTs, with EfficientViT scoring highest. Unimodal NLP models dominate
performance with a range of 0.85-0.90 for F1 score. This is led by DeBERTa. Our study shows that text related clues are the
major drivers for predictions within the Fakeddit dataset. Image based features provide complementary context. In comparison,
multimodal models deliver a high F1 score range of 0.87-0.91, but not significantly different from text-only models. While
text-based detection can be simple and highly effective, multimodal models will have a role with cross-modal inconsistencies,
for example when a fake image is paired with a real caption. Our study plays an important role in developing fake news detection
systems that are scalable and efficient in this era of rapidly spreading misinformation.
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Introduction

Today’s online world is full of information that is spreading
faster and wider than ever before. This happens because of
social media, news, and messaging. The fast spread of infor-
mation has many benefits, but it also helps to spread misinfor-
mation and fake news1. Misinformation can reach millions of
people in a few seconds. It moves faster than real news and
people remember the fake information even after learning the
truth2. Fake news changes public opinion and splits people
apart. It lowers trust in journalism, science, and government3.
Misinformation is also a large cause of real-world harms. It
puts people’s health in danger and makes them stop trusting
the government4. These problems show that fake news is a
serious problem all over the world.

Several methods have been used against fake news, like
fact-checking and online safety lessons5. However, misinfor-
mation is still growing because of AI and deepfakes. Human-
based methods cannot keep up with the large amount and
speed of content online6. Because of this, automated AI and
ML-based detection systems are strongly needed. They can
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work with large-scale data and find patterns of false content.

Relevant Works

Traditional fake news detection approaches rely heavily on
human effort. This makes them time-consuming and incon-
sistent. They cannot keep up with the spread of misinforma-
tion online3. In contrast, AI/ ML techniques have grown in
importance in recent years7. These methods include natural
language processing (NLP) and computer vision (CV). They
analyze large volumes of text, images, and social media inter-
actions. These methods identify patterns associated with mis-
leading content. Furthermore, AI and ML systems detect fea-
tures which are difficult for humans to observe. These include
hidden textual cues and unusual writing styles. These systems
can analyze patterns in how information spreads. Scalable and
automated systems are necessary for timely, real-world fake
news detection8.

Early efforts with AI/ML systems focused on text-based
methods. This primarily included using textual features and
ML classifiers. Methods focused on textual patterns such as
bag-of-words and TD-IDF representations9. More recent ap-
proaches have adopted deep learning methods. These mod-
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els have a stronger ability to understand the hidden context in
news stories. Methods focused on recurrent neural networks
(RNNs), long short-term memory (LSTM), and transformer-
based architectures8. Text-only transformer models especially
have performed strongly on benchmark datasets. Large pre-
trained models such as DeBERTa have reached up to 95.6%
accuracy on the LIAR dataset10. Datasets like LIAR con-
tain short political statements labeled for truthfulness. These
datasets provided early foundations. However, they were lim-
ited by their small size and their topic of data10. Despite
overall advances, text-only systems struggle with many cues.
These include well-hidden changes, satire, or misinformation
that looks similar to true reporting1.

Parallel work has explored image-only detection. This is
especially important due to the growing scale and spread of
manipulated content and deepfakes. Generative adversarial
networks (GANs) have advanced greatly. This has signifi-
cantly increased the authenticity of fake images and videos1.
These advances greatly challenge traditional detection meth-
ods. Later studies have applied CNNs and ViTs to identify
image features. These include pixel-level errors, compression
artifacts, and glitches in facial features11. For example, an
image-based model named DeepFakeGuard achieved 97% ac-
curacy and an F1 score of 0.97 on the DFDC dataset12. This
dataset is considered a large-scale benchmark for deepfake de-
tection. However, image-only methods remain limited by their
reliance on visual features. These artifacts can be hidden by
targeted strategies. Hence, the performances of image-only
methods across many content formats and platforms are low-
ered.

The limitations of unimodal fake news detection have not
gone unnoticed. Recent studies have increasingly adopted
multimodal approaches. These methods combine textual and
visual information. Early tests of such models took place on
Twitter-based datasets with models consistently performing
strongly. Their precision, recall, and F1 scores ranged be-
tween 0.74 and 0.88. Several multimodal tests showed that
adding text and images improved classification compared to
text-only models13–15. However, Twitter-based datasets are
often limited to binary labels and weaker visual-textual agree-
ment. This restricts highly detailed multimodal analysis.

To address these limitations, a large-scale multimodal
dataset was introduced. The dataset, titled Fakeddit was de-
signed specifically for fake news detection16. Unlike Twit-
ter datasets, Fakeddit provides several sets of labels. They
range from coarse (two classes) to fine-grained (six classes).
Fakeddit has purposefully mismatched and misleading image-
text pairs. This makes it more useful for analyzing cross-
modal variances. Thus, Fakeddit has become a widely adopted
benchmark for evaluating multimodal fusion methods7. These
are techniques that AI uses to combine different formats of
data into one understanding. However, in this study we restrict

all experiments to binary (real vs. fake) classification. Also,
we do not assess model performance on fine-grained labels.

As shown in Table 1, prior work on Fakeddit reports consis-
tently strong performance for multimodal models. Recent ap-
proaches have achieved precision, recall, and F1 scores above
0.90. Studies by Uppada et al., Kumari et al., and Saha et al.,
demonstrate clear improvements over earlier methods12,17,18.
Recent models using advanced fusion methods show large in-
creases in accuracy and F1 score19,20. In comparison, earlier
models such as by Low et al. reported lower scores. Over-
all, multimodal models trained on Fakeddit show the dataset’s
effectiveness in finding cross-modal patterns.

AI/ML systems are still having difficulties, like with new
situations and large growth. These days compared to true in-
formation, the spread of misinformation has been much more
rapid in pace and reach. Hence, the solutions to identify them
should also be able to match their pace and volume2. How-
ever, multimodal models use too much compute power which
prevents them from being greatly used25. And the informa-
tion used to train these models can be biased. Most datasets
only have small topics or have unequal classes of information.
This can lead to models doing well in benchmarks but failing
in real-world conditions1.

Rapidly growing AI content has been identified by re-
searchers to accelerate misinformation spread. Deepfake tools
have made it harder to tell the difference between real and
fake media. This means that we need tools that can keep up
with generative AI6,11. Most of the current techniques eval-
uating either text or images have performed well on datasets
using Twitter and Fakeddit. Despite that, we need to improve
the accuracy and consistency of these systems, particularly for
content that could be either hidden or vary across different
modalities. The solutions should perform well with different
data modalities and media platforms and keep up with the pace
of fake news.

In order to better detect misinformation, new ML models
are being developed to match state-of-the-art (SOTA) perfor-
mance. SOTA ML models are the newest or best-performing
models on tasks and benchmarks. The evaluation of these new
models is a priority to ensure that they are not only efficient
compared to older models but also that they perform well be-
yond the limits of their training data. Thus, they should be
compared with baselines to ensure that results are consistent
and valid across datasets which is essential for our ability to
detect rapidly spreading misinformation.

Research Gap and Contribution

Large progress has been made in fake news detection but there
are still a few important gaps in past research as first, mod-
els that can compete with SOTA (state-of-the-art) methods are
still being made but there is very little testing comparing uni-

2 | © The National High School Journal of Science 2026



Table 1 Comparison with other models on the Fakeddit multimodal dataset.

Author Dataset Precision Recall F1 Accuracy
Uppada et al. 202321 Fakeddit 0.934 0.931 0.930 0.919
Emil et al. 202522 Fakeddit 0.935 0.903 0.919 0.888
Kumari et al. 202417 Fakeddit 0.930 0.950 0.930 0.930
Shao et al. 202223 Fakeddit 0.838 0.749 0.791 0.804
Low et al. 202520 Fakeddit 0.698 0.610 0.651 0.612
Feng et al. 202424 Fakeddit 0.798 0.637 0.708 0.745
Saha et al. 202318 Fakeddit 0.910 0.950 0.930 0.912

modal and multimodal methods on large datasets like Faked-
dit. Second, Fakeddit has become a useful benchmark for text
and image fake news detection but we do not clearly know
how much the text alone versus the images alone affect how
well the model makes predictions and third, past studies usu-
ally test models by themselves but this makes it hard to see
how using both text and images helps find fake news in the
real world.

This study fixes these gaps with three steps as first, (1) we
compare unimodal (text-only and image-only) and multimodal
models on Fakeddit and then second, (2) we use numbers to
compare the exact testing scores from both strong image and
text models and then third, (3) we look at how different models
and fusion methods affect how well models can make predic-
tions. By doing these tasks, this work shows how well using
both text and images works and also, this study gives us a bet-
ter idea for building strong, large-scale fake news detection
systems.

Dataset

For this study we used the Fakeddit dataset16. This is a
large-scale multimodal benchmark. It contains over one mil-
lion samples with images, text, and metadata. Fakeddit has
several orders of labeling which allows analysis at different
levels of specificity. The 2-way setting separates real from
fake news. Next, the 3-way setting further separates true,
satire/parody, and false/misleading content. The 6-way labels
are true, satire/parody, false connection, misleading content,
manipulated content, and imposter content. This structure
supports both binary and fine-grained misinformation analy-
sis. However, all experiments in this study use the binary 2-
way classification task. Figure 1 shows example labels and
corresponding posts from the dataset. Extending this work to
multi-class classification remains an important direction for
future research.

Fake news datasets have generally been limited in several
factors. These include size, number of classes, modality,
source, and data category. Many are relatively small. This
makes them less effective for ML models that require large-

scale training data16. Several datasets also contain only a few
classes or are restricted to specific domains. These topics can
include politics, conspiracy theories, or celebrity news. Table
2 compares statistics of fake news datasets for all of which
Fakeddit leads. It includes size, number of classes, modality,
source, and data category. Another important factor is modal-
ity. Fake news appears in multiple forms which include both
text and images. However, many datasets are unimodal and
contain only text or images. Even multimodal datasets are
limited by small size and weaker structure. This makes them
less effective compared to Fakeddit.

Our dataset contained over 1 million images as shown in
Table 2. 682,996 of these were multimodal samples. These
were divided into training, validation, and testing sets. The
division followed standard Fakeddit splits. Figure 2 and Fig-
ure 3 illustrate examples of fake and real image-text pairs. We
faced computational and hardware constraints which limited
all experiments. They were conducted on a reduced but bal-
anced subset of the training data. Specifically, we used 99,909
multimodal training samples (49,908 fake and 50,001 real).
This resulted in an about balanced (1:1) class ratio. This sub-
set represents only a portion of the full training set. However,
it remains large enough for stable fine-tuning of deep neural
networks while within computational limits.

For evaluation, we used the original Fakeddit validation and
test splits. This was to keep the natural class spreads. Both
sets had a fake-to-real ratio of about 3:2. The validation set
contained 57,557 samples with 34,396 fake and 23,161 real
instances. The test set contained 57,495 samples with 34,162
fake and 23,333 real instances. There is an imbalance between
the balanced training set and the skewed evaluation sets. This
may affect model behavior, particularly F1 scores.

No other changes were made to lower bias in the evalua-
tion splits. Models were trained without class-specific tuning.
They predicted the class with highest confidence. This may
lead to a bias toward the majority class. Also, it can lower
performance on the minority class. This was usually the case
for the “real” class. Additionally, models were trained on a
reduced subset of the dataset. Thus, comparisons with work
using the full Fakeddit training set should only be seen as ap-
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Figure. 1 Fakeddit samples with 6-way classification labels and corresponding text data16

Table 2 Comparison of various fake news datasets (IA = Individual
Assessments)16

proximate. Differences in training scale may affect perfor-
mance. Therefore, our results provide a general comparison
rather than a direct evaluation against full-data SOTA base-
lines.

The Fakeddit images are shown in Figure 2 and Figure
3. They have a lot of variability in both shape and mode.
As shown in Figure 4, most images have dimensions around
320×320 pixels. Some extend up to 5000 pixels in width
and height. Furthermore, most images are in RGB (red,
green, blue color format) mode. Smaller amounts are in L, P,
or RGBA (RGB with an alpha/transparency channel) modes.
This variation causes challenges for deep learning models,

Figure. 2 Example of a fake image with corresponding text informa-
tion16.

Figure. 3 Example of a real image with corresponding text informa-
tion16.

which take in the same input size for training. To address this,
all images were resized to a 224×224 RGB format. This kept
the data uniform, saved compute power, and allowed the sys-
tem to pull out accurate features26. ImageNet is a large-scale
image dataset commonly used for pretraining. Pixel values
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were normalized using the standard ImageNet mean and stan-
dard deviation27. No other data augmentation was applied.
This ensured that evaluation remained consistent across all vi-
sual models.

Figure. 4 Count distribution of image width and height in pixels for
the Fakeddit dataset.

The Fakeddit dataset has strong textual, visual, and meta-
data attributes. This makes it very useful for multimodal fake
news detection. Textual data consists of the original title and
a preprocessed clean title28. The original title was created by
the user for each post. The clean title is a normalized version
of the original title as it eliminates punctuation, irregular spac-
ing, and noise to have consistent model inputs29. The analysis
of word counts of clean titles was performed using whitespace
tokenization which showed that most headlines were short.
They usually range from five to fifteen words with fewer long-
form titles30. This reflects the short, attention-driven nature of
social media16,31. To prepare the data for NLP testing, we to-
kenized all the clean titles with pretrained tokenizers without
cutting or padding text.

Methodology

Unimodal vs. Multimodal Approaches

In our study, we evaluated both unimodal and multimodal
methods for fake news detection. The initial unimodal meth-
ods used either only text or image-based models. Later, both
image and text were combined for multimodal techniques.
This enabled us to assess the performance, strengths and
weaknesses of all these models across different media plat-
forms. We performed stepwise analysis to compare these
methods to older models in detecting fake news. The addi-
tional impact of context on model performance was also as-
sessed. Overall, both text and image data is valuable to detect
misinformation online.

Unimodal approaches to fake news detection use a single
data modality (text or images). For the detection based on im-
ages computer vision architectures are used. This study used
both CNNs and ViTs which can effectively identify signs of
manipulation, compression artifacts, or inconsistencies to spot
falsified or manipulated images11. Despite their ability, they
are suboptimal as fake news can often combine misleading
text and visuals. As a result, image-only models may fail when
authentic-looking images are paired with misleading captions
or narratives.

In this study, all NLP experiments use only clean title field
from Fakeddit as input. The clean title is a normalized version
of the original headline to remove any noise related punctua-
tion and formatting inconsistencies. Consistency in data was
prioritized by excluding all the original titles, comments, and
metadata from the analysis.

The text-only unimodal systems used NLP techniques
and transformer architectures such as BERT (Bidirectional
Encoder Representations from Transformers)-based models.
While these models have the ability to detect hidden textual
clues, context-based sentiment and inconsistencies in seman-
tics, they still can be limited in situations where visual and
text data contradict each other32,33. This could include scenar-
ios where a true caption and false image are paired together.
Given that unimodal techniques have limitations to detect mul-
timodal fake news, further efforts are directed to use both text
and images together34.

These multimodal approaches integrate various data modal-
ities (typically text and images) and utilize their complemen-
tary information which a single modality fails to provide. A
model combining textual encoders and image feature extrac-
tors strengthened its ability to analyze both the content of
headline and its corresponding image7,16. These combined
models are thus enabled to detect inconsistencies across mul-
tiple modalities with improve performance for binary real/fake
classification tasks.

In order to address dataset imbalance issues, we trained all
the models in our study using standard class weighted cross-
entropy loss and relied on standard argmax-based decision
thresholds. Early stopping was also applied based on val-
idation performance. This was done to prevent overfitting.
Dropout was the primary form of regularization. This ap-
proach ensured that the models were compared fairly while
minimizing overfitting and improving class imbalance.

Testing happened using uniform training setups to ensure
reproducibility across models. The Adam optimizer was used
for all models. The learning rate for NLP models was 1e-5
and it was 1e-4 for computer vision models. This was without
learning rate scheduling. NLP models were trained for up to
3 epochs with a batch size of 32. Computer vision and mul-
timodal models were trained for up to 5 epochs with a batch
size of 16. Gradient accumulation was used when memory
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constraints required smaller batch sizes. Early stopping was
used to know the final epoch based on validation performance.
This setup helped to have efficient training while maintaining
consistency across models.

Computer Vision Algorithms

In fake news detection, computer vision (CV) algorithms are
widely used to process and analyze visual content. Both CNNs
and transformer-based architectures have performed strongly
in extracting image features relevant to misinformation. In
unimodal approaches, these models operate solely on images.
This is done to identify cues of manipulation, falsification, or
visual inconsistency. In multimodal approaches, CV models
first encode the images into meaningful feature representa-
tions. Then, these are fused with textual features to jointly
inform the detection of fake content.

Pretrained transfer learning models were the backbone of
our pipeline. They were combined with CNNs and transform-
ers. Initially, we used models already trained on ImageNet, a
large image dataset27. Later, we fine-tuned them on Faked-
dit dataset to recognize patterns of misinformation. For ex-
ample, CNNs like ResNet, EfficientNet, and ConvNeXt can
transfer strong object and scene-level feature extraction di-
rectly to this task. Transformer-based models like ViT, DeiT,
and Swin Transformers have their own strengths and work
uniquely by understanding how different parts of the image
relate to each other globally35–38. Beyond general ImageNet-
initialized architectures, we also incorporated domain-relevant
pretrained models designed for identifying fake media. For
example, EfficientNet-based models were fine-tuned on the
DFDC dataset12. By combining the general-purpose visual
learning with task-specific pretraining strengthened our mod-
els performance further. Additionally, we used pretrained
models designed specifically for deepfake detection. For ex-
ample, we evaluate EfficientNet models fine-tuned on the
DFDC dataset. Combining broad visual representation with
targeted domain pretraining improved our models in several
ways including feature extraction, that had positive impact on
both our unimodal and multimodal benchmarks.

CNN-Based Transfer Learning

This study employs a range of CNN architectures which have
been pretrained on the ImageNet dataset27. Then, they have
been fine-tuned on Fakeddit to investigate their efficacy in fake
news detection16. Models were selected based on architec-
tural diversity and proven performance in image classification.
Table 3 summarizes the evaluated CNN and ViT models. It in-
cludes key attributes such as parameter count, model size, and
depth.

Transfer learning is motivated by evidence from CNNs

trained on large-scale datasets. These models learn transfer-
able visual features that can be adapted to new tasks with lim-
ited labeled data35,39. This approach improves several fac-
tors compared to training from scratch. These factors include
convergence, generalization, and computational efficiency36.
Evaluating multiple architectures also enables a more method-
ological comparison of design choices. This supports a robust
assessment of visual representations for misinformation detec-
tion.

Vision Transformer-Based Transfer Learning

Transfer learning has been adopted in computer vision. This
is driven by extensive empirical evidence from large-scale
pre-trained vision transformers. These models capture gen-
eralizable spatial and semantic patterns. These can be effec-
tively adapted to specialized downstream tasks including im-
age classification and multimodal fake news detection38,46.
ViT models were pre-trained on large-scale image datasets
such as ImageNet-21k or JFT-300M. Following that, fine-
tuning was performed on Fakeddit to improve its general-
ization and quicker convergence. These features minimized
the dependency on data when compared to models trained
from scratch. Some of these selected models were DeiT, Ef-
ficientViT, ViT, and Swin Transformer, representing a diverse
set of transformer innovations38,45–47. Among these, ViT is a
foundational transformer architecture, DeiT is a data-efficient
approach, EfficientViT is a computationally optimized vari-
ant, and Swin Transformer has a very ordered, locally aware
design. All of these unimodal assessments formed the bench-
mark for the next steps with multimodal integration. In par-
ticular, we separated the impact of visual features on overall
model performance.

NLP Algorithms

This study evaluates a diverse set of transformer-based NLP
models for unimodal fake news detection. This happened
through fine-tuning pre-trained architectures on Fakeddit.
These NLP models were pre-trained on large corpora such as
Wikipedia and BookCorpus. This allowed them to leverage
transfer learning to improve text understanding and classifi-
cation performance29. This setting establishes a baseline by
isolating the contribution of linguistic features prior to multi-
modal integration.

Transfer learning is central to this study’s NLP pipeline as
models are not trained from scratch. Instead, the pre-trained
transformer-based models are fine-tuned for fake news de-
tection. This enables the transfer of rich semantic and syn-
tactic knowledge29,43. Prior work shows that such models
generalize well, converge faster, and require less data than
training from scratch48. The models selected were ALBERT,
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Table 3 Pre-trained computer vision CNN-based and transformer-based transfer learning models used in our study (Depth of “-” is derived
from https://keras.io/api/applications/)

Reference Model Size (MB) Parameters Depth

Chollet 201740 Xception 88 22.9M 81
Simonyan and Zisserman VGG16 528 138.4M 16
He et al. 201535 ResNet50V2 98 25.6M 103
He et al. 201535 ResNet101V2 171 44.7M 205
He et al. 201535 ResNet152V2 232 60.4M 307
Chollet 201741 InceptionV3 92 23.9M 189
Chollet 201742 InceptionResNetV2 215 55.9M 449
Sandler et al. 201843 MobileNetV2 14 3.5M 105
Chollet 202144 DenseNet201 80 20.2M 402
Tan and Le 2021 EfficientNetB7 256 66.7M 438
Tan and Le 2021 EfficientNetV2B3 59 14.5M –
Tan and Le 2021 EfficientNetV2L 479 119.0M –
Liu et al. 202237 ConvNextSmall 192.29 50.2M –
Liu et al. 202237 ConvNeXtXLarge 1310 350.1M –
Liu et al. 202345 EfficientViT 120 24.0M 16
Touvron et al. 202146 DeiT 330 86.0M 12
Liu et al. 202147 Swin Transformer 340 88.0M 12
Dosovitsky et al. 202138 ViT 330 86.0M 12

BERTweet, DeBERTa, USE, ELECTRA, FBERT, Long-
former, DistilBERT, and RoBERTa. This selection represents
a broad and methodologically diverse group. These mod-
els are transformer innovations which have defined modern
NLP research49. RoBERTa, DeBERTa, and ELECTRA are
general-purpose architectures. They provide strong contextual
representations for identifying misleading language. Efficient
models like ALBERT and DistilBERT support lightweight ex-
perimentation. In addition, BERTweet is a domain-specific
model35,50–52. It captures the informal linguistic patterns com-
mon in social media misinformation53.

Fusion Approach

We combined text and image information to build a multi-
modal fusion model. Textual content is first processed through
a pretrained NLP model discussed above. This converts each
news title into a dense feature vector. Simultaneously, the
corresponding image is processed through a pretrained CV
model. This can be CNN-based or transformer-based as dis-
cussed above. These unimodal feature vectors (textual and
visual) are then concatenated. This occurs along the feature
dimension to form a joint representation of the post. The
fused representation is passed through a fully connected neu-
ral network classifier. There is at least one hidden layer and
nonlinear activations which allows the model to learn from
the cross-modal correlations between the text and the image.
Given that the model was trained end-to-end on multimodal
data, it was able to use complementary data and dynamically

weight the impact of different features from these modalities
to improve accuracy for identifying fake news compared to
unimodal models.

Evaluation Metrics

For evaluation of our fake news models, we used standard per-
formance metrics: precision recall and the F1 score. Precision
measures the accuracy of the model to flag fake content while
minimizing false alarms. Recall metric measures overall abil-
ity to spot actual fake instances. The F1 score is a harmonic
mean of the two and thus helps balance these metrics, which
is even more important when handling class imbalances. Sim-
ilar to prior benchmark studies on datasets like Fakeddit and
FakeNewsNet, we also report both the macro and class-wise
F1 values which allows us to directly compare different mod-
els16,25.

Results and Discussion

Unimodal Approach

We first show the performances of fine-tuned unimodal mod-
els. This starts with image-based CV architectures and then
text-based NLP models. This happens to understand the in-
dividual impacts of visual and textual information. We then
compared these results with prior literature. Figure 5 sum-
marizes the test and validation F1 scores of unimodal CV
models. Table A1 can be seen for the full metrics. Overall,
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image-only models have a high margin of error with test F1
scores between 0.45 and 0.60. This shows that visual content
has limited signals for fake news detection. Many misleading
posts rely on context or hidden cues not captured by images
alone. Performance also varies significantly across models.
This highlights the importance of model design.

We evaluated a group of CNN-based transfer learning mod-
els. Of the group, ConvNeXt-XL has the strongest and most
consistent performance. It has a test F1 score of 0.78 for
fake images and 0.69 for real images. Other models are from
the ResNet, Inception-based, and EfficientNet families. These
models have much lower and less stable F1 scores. They often
have near-chance performance for one class. This is usually
for real images. Lightweight models like MobileNetV2 and
DenseNet201 are weaker at prediction. This further proves
the difficulty of detecting misinformation only from images.
Among ViT models, EfficientViT has the strongest and most
consistent performance. It has test F1 scores of 0.82 for fake
images and 0.75 for real images. ViT and DeiT perform
slightly lower for fake content (0.79-0.80 test F1 score). How-
ever, they score much lower for real images (0.62-0.63 test F1
score). This shows difficulty with true content. Swin Trans-
former performs the worst with test F1 scores of 0.61 for fake
images and 0.56 for real images. Validation scores have a sim-
ilar pattern. This shows consistent performance on real data.

Overall, ViTs slightly outperform several CNNs though
both groups have inconsistent performance. EfficientViT has
the highest test performance of all the unimodal CV models
in this study. It has test F1 scores of 0.82 on fake images
and 0.75 on real images. These findings agree with prior fake
news detection research. Both show that image-only methods
have limited prediction abilities. As shown in Figure 5, the
results from this study are consistent with prior studies. Both
report F1 scores of 0.50-0.75 for image-only models. While
newer models like ConvNeXt improve over older models such
as VGG16 and ResNet, the overall performance remains lim-
ited demonstrating the challenges of only using visual features
for fake news detection.

Figure 6 shows that text-only models consistently outper-
form image-only ones with unimodal NLP models having test
F1 scores ranging from 0.84 to 0.90. We noted that even
lightweight models like DistilBERT and ALBERT perform
well demonstrating that textual features alone have strong sig-
nals within Fakeddit. This data is shown in table A2 with eval-
uation metrics for training, validation, and testing. Among
all the models, DeBERTa achieves the best performance with
test F1 scores of 0.90 for fake content and 0.86 for real con-
tent. While other transformer models including ELECTRA,
RoBERTa, and BERTweet perform close to DeBERTa (0.88-
0.89 test F1 score), they fall slightly short. Similar pattern was
noted with validation scores which demonstrated good perfor-
mance on real data. Our results are in alignment with prior

Figure. 5 (Top) Test F1 scores and (bottom) validation F1 scores
for classifying real and fake images using fine-tuned unimodal CV
models.

studies as they both have similar F1 scores of 0.85-0.92 when
using transformer-based NLP models on large datasets. While
these strong performances with NLP models emphasize the
power of textual cues on Fakeddit, their performance may fall
when these textual signals are more hidden showing the need
to build multimodal systems.

Figure. 6 (Top) Test F1 scores and (bottom) validation F1 scores
for classifying real and fake text using a fine-tuned unimodal NLP
approach.

When we compared unimodal NLP with CV models, a
consistent and clear performance deficit was noted with text-
based models outperforming image-only approaches. Figure
6 shows NLP models achieving test F1 scores of 0.85-0.90
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while Figure 5 shows CV models achieving test F1 scores of
0.45 to 0.82. However, most CNNs fall between test F1 scores
of 0.45 and 0.60. ConvNeXt-XL reaches test F1 scores of
0.78 for fake images and 0.69 for real images. ViTs perform
better overall. EfficientViT achieves the strongest results with
test F1 scores of 0.82 for fake images and 0.75 for real im-
ages. This consistently low performance of image-only mod-
els in comparison to text-based approaches demonstrates the
stronger signal of NLP in Fakeddit.

An important finding to note was that the model predic-
tion patterns further showed these differences. While the large
ViTs achieve near-perfect training F1 scores (∼1.0), they have
large drops on test data (e.g. ∼0.62 for real images) because
of overfitting. Smaller CNNs have lower training performance
but still have weaker prediction. This is because of capacity
limitations. Two large NLP models are DeBERTa and Distil-
BERT. These two achieve high training F1 scores (0.97-0.98).
Also, they both have lower test performance (0.84-0.86 for
real content). This is because of memorization. In contrast,
there is BERTweet, which is a lighter model. This model
has more consistent prediction at slightly lower performance.
Overall, there are the factors of model capacity and limited
regularization. These items contribute to overfitting in larger
models. And they build performance ceilings in smaller ones.

This imbalance is because of the nature of misinformation.
Fake news is built on language manipulation and emotional
triggers. These cues are effectively captured by pretrained lan-
guage models. In contrast, images are usually true. However,
they are used out of context without clear visual features. Be-
cause of this, image-only models must rely on indirect cues.
This makes detection much more difficult without textual con-
text.

Multimodal Approach

We then performed multimodal analysis and present the
scores from fine-tuned multimodal models which use both text
and images for binary (real/fake) classification. Our results
demonstrate impact of both language and image encoders on
how well the model can make predictions. We also assess if
using both modalities (image and text) have a clear advantage
over unimodal methods. To do so, we list the model pair-
ings and training setup and then look at multimodal results
and compare them with past studies to better understand im-
pact on learning from two different content formats for fake
news detection.

Figure 7 shows the results from fine-tuned multimodal mod-
els on Fakeddit for binary classification and the x-axis shows
different combinations of NLP and CV models, and also Ta-
ble A3 contains the exact scores for training, validation, and
testing.

We used a methodical approach to pair models includ-

ing both capacity and efficiency. Given their strong results
on Fakeddit, high performing NLP models like DeBERTa,
RoBERTa, and DistilBERT were used a baseline. They were
each then paired with visual encoders from different model
families like MobileNetV2 (lightweight CNN), DenseNet201
and InceptionResNetV2 (deeper CNNs), EfficientViT and
Swin Transformer (transformer-based models). By doing so,
we ensured that both high-capacity and efficient models were
evaluated in our study for controlled comparisons. Pairing De-
BERTa + InceptionResNetV2 and DeBERTa + EfficientViT
allowed for direct comparison between CNN and transformer-
based visual models as visual models were under the same tex-
tual conditions. Across all combinations, test F1 scores range
from 0.87 to 0.91 with DeBERTa + InceptionResNetV2 hav-
ing the strongest performance. Validation scores have a simi-
lar pattern and demonstrate consistency on real data. Overall,
combining strong text and image models is effective. How-
ever, gains depend on the choice of visual encoder.

Our results are consistent with multimodal works on Faked-
dit. Previous studies report multimodal F1 scores in the 0.88-
0.92 range. This shows that the models evaluated here perform
similar to existing benchmarks17,18,21. However, the multi-
modal results are not much higher than those of text-only mod-
els. Image encoders thus had minimal role in improving F1
scores for few model combinations, as textual data was the
main driver.

The multimodal models all had the combination of textual
and visual encoders. Across them, we observed that training
stability improved and overfitting reduced. This was in com-
parison to the large-capacity unimodal models that we eval-
uated. However, the performance results were very close in
number. For example, two pairings were DenseNet201 + AL-
BERT and VGG16 + BERTweet. These were high-capacity
text models paired with smaller CNNS. These pairings had
consistent F1 scores across fake and real classes. They only
had slight drops between the training and test sets. This shows
better prediction than vision-only models. In contrast, there
were multimodal pairings with large ViTs. Examples of this
include DeBERTa + EfficientViT and DistilBERT + DeiT.
These pairings sometimes had near-perfect training F1 scores
(approximately 0.97-1.0). However, these scores were much
lower for the real class on the test set (0.77-0.79). This is be-
cause of overfitting. Overall, multimodal models usually out-
performed their unimodal parts. This was especially the case
for harder real-class examples. However, score increases over
strong NLP models only were limited to 1-2 F1 points. Mul-
timodal fusion led to a small increase in accuracy. Also, these
models were more consistent. Overall, these patterns show
that the strongest signals within Fakeddit are textual.

We compared unimodal and multimodal results. They
showed that text-based models alone had high results. De-
BERTa alone has test F1 scores of 0.90 for fake news and
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0.86 for real news. DeBERTa + InceptionResNetV2 only im-
proves to 0.91 overall. This shows a big factor in multimodal
fake news detection. The usefulness of text or images depends
on several items. These are the nature of the dataset and the
type of misinformation. In datasets like Fakeddit, text has
the strongest clues, like punctuation or errors with real-world
facts. In these cases, strong NLP models can find most of the
clues they need to predict real and fake posts. Sometimes,
text alone is enough for high accuracy. Adding image features
through multimodal fusion only gives small improvements.

In the real world, misinformation is not always shown using
just text. Many posts have captions that are neutral or correct
in a hidden way. These posts become misleading only with
context, when looking at the full picture. In these cases, the
images become more important. Misleading images, deep-
fakes, or memes then have the stronger clues. In these cases,
models like EfficientNet, InceptionResNetV2, or Swin Trans-
former can be used. Multimodal approaches also help with
prediction when the images and text do not match. Social me-
dia posts often have text and images with different clues. Text
is stronger in some datasets. Multimodal fusion is stronger in
others. These include when the clues are hidden, when the
pictures have the main clues, or when there are errors between
the text and image.

Figure. 7 (top) Test F1 scores and (bottom) validation F1 scores to
classify real and fake context (images and text) using the fine-tuned
multimodal approach

Limitations

In our study, we test various unimodal and multimodal models
for fake news detection. However, our study has several limi-
tations, Firstly, the models in our study were only trained on a
subset of Fakeddit because of computational limits which lim-
its the impact of models to find less common or hidden clues
in large-scale misinformation. Secondly, we have limited our
analysis to only binary classification where data is classified
as fake or real. This limits data analysis simpler but does not

show how complex misinformation really is. While Fakeddit
has multi-class labels like satire, manipulation, and imposter
content, these are not explored, as we only do testing using
binary classification.

Our study also has limitations related to posts that come
mixed content where text and images can have different clues.
In these cases, binary labeling would force these posts into
just one category while hiding small and hidden errors which
can especially hurt unimodal models. The models are then at
risk to predict a post wrong when only the text or only the
image has strong clues. While multimodal models are overall
in a better spot to solve these cases, we have not separated or
tested these cases on their own. Because of this, we cannot
measure exactly how big this advantage is. Similarly, we did
not build a test group just for text-and-image mismatches and
made inferences about how strong multimodal models are in
these scenarios. These are however based on overall scores
instead of a specific test. Studies in the future should prioritize
and test these specific groups to understand their impact on
model accuracy across text and images.

A large problem is that we only used the Fakeddit dataset.
This dataset is mostly made of Reddit posts and is a large,
well-labeled benchmark. However, using only one dataset
makes it hard to know if the models work well in general.
Models may learn patterns from one social media platform in-
stead of clues from overall misinformation. Because of this,
their scores might just show that the models got used to Faked-
dit. It might not mean that the models are strong enough to
work on data from other platforms. We did not test the models
across other datasets, which limits our testing in a few ways.
For example, we have not analyzed the accuracy of the mod-
els in other social media platforms and the impact of data bias
and site changes. In the future, work should focus on test-
ing across different datasets to help models learn from vari-
ety of platforms and include testing on other benchmarks like
Twitter-based and LIAR. Additionally, our study does not test
the models on data distribution changes as the tests were done
on fixed data. Specifically, we did not check how the mod-
els work for damaged pictures or changed text and thus, the
scores in our study only show how the models do in our lab
conditions, not in the changing real world.

The practical challenges related to training these models
was clear in our study with a variety of issues related to both
text and image encoders. Both of these are very sensitive to
hyperparameter choices which made tuning difficult. As GPU
memory constraints limited us to use smaller batch sizes, we
depended on gradient accumulation which further limited our
ability to search different hyperparameters and test larger ar-
chitectures. Hence, our analysis was limited to computation-
ally feasible limits and not the highest performance. Finally,
fine-tuning the valuable pre-trained models could have intro-
duced issues related to training-data bias and thus needing
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strict training rules to avoid overfitting and forgetting.
The other limitations were related to memory and run-

time testing as the EfficientNet-based image models and
transformer-based NLP models significantly increased com-
pute cost. Hence, we lowered the number of epochs and abla-
tion tests in our study. We also used two lightweight models -
MobileNetV2 and BERTweet which used under 8 GB of GPU
memory and trained in under an hour per epoch. They were
effective and worked with over 150 samples per second. Addi-
tionally, we analyzed high-capacity models - EfficientViT and
Swin Transformer paired with DeBERTa or RoBERTa. These
pairings needed 24-32 GB, several hours per epoch, and they
could only work with 20-30 samples per second. Larger mod-
els usually had higher results. However, they would be too
slow and bulky to be used greatly in high-volume, real-time
online spaces. This demonstrates another significant trade-off
between efficiency and high score. Model size as expected
was another determinant of model performance with larger
models both image and text having drops on test data. This
mostly happened for the real class, which is usually because
of overfitting. Multimodal models only had a small improve-
ment from this. But gains were very small and mostly caused
by text. This shows that we need stricter model training or
much more data.

Finally, the math checks are a limitation. Many models
only score 0.01-0.02 points different from each other in F1
score. Yet, each model was only trained once without test-
ing different starting points or math checks. Because of this,
small performance differences may be just due to random pre-
dictions instead of real improvements. This makes it hard
to be confident in which model is truly better. Future work
should include running the tests multiple times, sharing the
score spreads, and using math checks to prove if the models
are consistent.

Conclusions

Fake news is a growing problem and in our study, we evaluated
the impact of text and image models for fake news detection.
This was performed as both unimodal models when they were
tested separately or combined multimodal models. A variety
of pretrained and benchmarked models were used for analysis.
These included CNNs, ViTs and transformer-based language
models. The Fakeddit dataset provides binary classification as
fake or real. Given that it has text and image data, we were
able to compare their relative effects to spot fake news using
both unimodal and multimodal models.

Unimodal image models demonstrate that images alone
though limited have still useful clues. Most CNNs get av-
erage test F1 scores ranging from 0.45-0.60. ConvNeXt-XL
performs the best with test F1 scores of 0.78 for fake im-
ages and 0.69 for real images. In comparison, ViTs perform

better as EfficientViT has test F1 scores of 0.82 for fake im-
ages and 0.75 for real images. However, image-only mod-
els have significant limits given that misleading posts often
use completely real images in hidden or difficult ways. Our
study shows the NLP models are consistently accurate in dis-
tinguishing real from fake posts suggesting the stronger role
of text-based content in Fakeddit. Among transformer-based
models with F1 scores of 0.85-0.90, DeBERTa was leading
with highest test F1 scores of 0.90 for fake content and 0.86
for real content. Our results are in agreement with prior stud-
ies where text-based clues align with the framing of the story,
the emotions and the variable differences between text and
images even within the same post. These clues have been
found to be great for fake news detection. The baseline of
text-only methods is much higher compared to image-only
options. In comparison, when we used multimodal models,
the F1 scores were high ranging from 0.87-0.91. While these
scores were high, the marginal increase was small compared
to text-only models. This highlights that combining DeBERTa
with image-only models leads to marginal improvement and
the results were likely dominated by text-based clues with im-
ages that only give a few extra clues. The multimodal fusion
models will likely be valuable in scenarios where text and im-
ages provide contradictory data.

Our study has practical implications for building fake news
detection systems in real world as they emphasize the impact
of simple text-only models with high accuracy. We however
cannot ignore the limitations of systems which have only uni-
modal data like images or text as the information in them can
sometimes be neutral. Multimodal models are particularly
valuable to learn across variable data formats which would re-
tain high value in the era of deepfakes. Future studies should
focus on models that could use fusion methods to accurately
classify fine grained multi-class classification. They should
also include tampered data in different platforms. Overall,
our study evaluated benchmarked unimodal and multimodal
models and highlights their strengths and limits for fake news
detection.
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