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Abstract 

Fake news spreading on digital platforms harms social trust, democratic discourse, and public safety. 

Traditional detection methods, however, employ unimodal approaches, analysing either text or image 

content alone. Therefore, these systems often cannot appreciate the complexity and nuances of 

multimodal misinformation scenarios. This paper focuses on a detailed investigative approach to the use 

of multimodal learning for fake news detection by combining textual and visual data for better 

classification care. A review of the state-of-the-art methods in text-based and image-based verifications 

will be conducted, pinpointing the shortcomings of each when used as an alternative to the other. The 

proposed deep learning framework combines transformer-based NLP with CNNs for image analysis. 

Our model employs a hybrid fusion approach to fuse semantic and visual cues optimally. Our methods 

significantly enhance fake news detection when evaluated against state-of-the-art benchmark datasets, 

such as FakeNewsNet and Twitter-based collections, compared to unimodal baselines. Lastly, we 

elaborate on the ethical concerns surrounding automated misinformation detection and propose 

guidelines for the fair and transparent deployment of these systems. We, therefore, provide further 

evidence for the use of multimodal directions in combating fake news, which, in turn, leads to a more 

trustworthy information ecosystem. 
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I. Introduction 

A. Background 

Fake news is an ever-growing problem in the realm of digital communication. The messengers must 

contain a billion willing messengers on sites such as Facebook, Twitter, and Instagram. This is too fast 

and vast for any human being to fact-check or serve as a moderator. Fake news, defined as false or 

misleading information purposely presented as news, has brought about public health crises, electoral 

interference, and social unrest [1], [2]. According to [1], misinformation tends to spread virally with the 

aid of sensational headlines, emotional appeals, and confirmation bias, making it difficult to distinguish 

from legitimate information. 
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B. Shortcomings of Unimodal Detection 

Mainstream fake news detection has primarily focused on unimodal approaches, with a primary 

emphasis on text. Extractors of lexical features, sentiment analysers, and stylometric pattern 

recognitions have worked reasonably well in teasing out deceptive narratives [3], [4]. These fail to detect 

misinformation if embedded, for instance, in images or memes that perform much better in bypassing 

textual scrutiny [5]. Conversely, approaches that analyse pixel-level features or metadata of images fail 

to grasp the context or semantic alignment between visuals and text [6]. This gap is the driving force 

behind an urgent call for multimodal approaches capable of jointly processing and interpreting text 

image pairs.  

C. The Elevation of Multimodal Misinformation 

Multimodal misinformation, including fake news that involves misrepresenting text with manipulated 

images, has been as sophisticated in its deceptions as contemporary. Such posts benefit from the assumed 

credibility of the image, allowing them to give airtime to false narratives [7]. Studies reveal that users 

are most likely to engage with content rich in visuals, and the presence of images significantly impacts 

their perception of truthfulness [8]. Detecting such content thus calls for systems that can jointly 

understand the linguistic, visual, and contextual signals.  

D. Research Objectives 

This thesis aims to peer into and resolve the problems with unimodal fake news detectors, working 

toward the engineering of a resilient framework for multimodal detection. Specifically: 

[1]. Design an architecture for deep learning that merges the two modalities of text and visual data. 

[2]. Test the proposed architecture against other existing state-of-the-art methods on benchmark datasets. 

[3]. Understand and analyse the trade-offs that our multimodal learning will undergo, along with pattern 

analysis related to errors. 

[4]. Investigate the ethical issues associated with the deployment of such systems in terms of privacy, 

bias, and transparency. 

E. Contributions 

These are the highlights to which my work has made significant contributions: 

[1]. An advanced deep multimodal architecture, which combines transformer-based NLP models (like 

BERT) with CNN-based visual encoders (like ResNet). 

[2]. An in-depth evaluation of popular datasets, including FakeNewsNet [8], Twitter, and MediaEval, 

demonstrates its superior performance compared to unimodal baselines. 

[3]. An in-depth ablation study describing the significance of each modality and the fusion technique. 

[4]. An ethical discussion on challenges, along with recommendations for responsible AI deployment in 

the detection of misinformation. 

F. Paper Structure 

The rest of the paper is organised as follows: 

[1]. Section II provides a comprehensive review of the related work in fake news detection, listing 

textual, image, and multimodal-based approaches and specifying their advantages and drawbacks. 

[2]. Section III describes the proposed multimodal learning approach, including dataset gathering and 

preprocessing, model architecture design, and training procedures. 

[3]. Section IV further develops the experimental protocol, metrics of evaluation, baseline comparison, 

and thorough analysis of results. 
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[4]. Section V presents discussions of significant findings and implications of multimodal approaches in 

fake news detection, supported by statistical tables and visual aids. 

[5]. Section VI presents closing thoughts, summarises the contributions, discusses challenges and 

limitations, and outlines avenues for future research in multimodal fake news detection systems. 

 

II. Literature Review 

A. The Detection of Fake News: Evolution and Methods 

The detection of fake news has garnered considerable attention in recent decades due to its profound 

impact on public discourse. Initially, phoney news detection was mainly carried out by manual rule-

based systems and supervised classification techniques utilising linguistic features of speech, such as 

lexical patterns, syntactical structures, or sentiment cues, to discriminate between genuine and fake news 

articles [1], [3]. With the rise of machine and deep learning, SVM, Naive Bayes, RNNs, and other 

classification models have become prominent in verifying news articles based on content [4], [5]. 

The CSI model was introduced in [4]..., which defined deep learning as a hybrid model to understand 

content, social, and temporal information for better fake news detection. A benchmark dataset was 

proposed in [5], on the other hand, which generated a benchmark dataset and proposed linguistically-

based models for automatic fake news classification. Yet, those algorithms struggle to account for 

general variations in misinformation and the styles or formats of dissemination on different platforms.  

The release of the LIAR dataset by Wang [6] provided another boost to the development of fake news 

classifiers, offering a large-scale benchmark with more varied claims and contexts. This gave rise to 

automated fact-checking frameworks that focus on verifying claims against known truths [7]. However, 

while these intriguing methods can help solve part of the puzzle, they always rely on known knowledge 

bases in some way, thus hindering their scalability and adaptability in real-time detection of 

misinformation. 

B. Image-Based Misinformation Detection 

Most fake news detectors perform textual analysis; however, images lend the missing weight to establish 

the presence of misinformation. Image-based fake news detection focuses on assessing visual content 

manipulation, image reuse in false contexts, and deceptive visual cues that render an untrue narrative. 

A significant challenge for these types of analyses is identifying instances of semantically misleading 

yet visually truthful images, which, because they appear to be unaltered, are used disparagingly in the 

perpetration of falsehood [9], [21]. 

A framework was presented in [21] for news verification on microblogs through statistical and visual 

analysis of the accompanying images' features. They demonstrated that images provide rich information 

for verification when considered in conjunction with other metadata, such as posting time and user 

credibility. Others, such as Generative models, were investigated in [9], to include those that produce 

"neural fake news" with matched images, which puts visual analysis in an even greater spotlight. 

Although CNN-based image analysis has made enormous progress, visual-only modelling severely lacks 

the contextual abilities needed to understand the relationship between the image and the text in question. 

The drawback has propelled the rise of multimodal learning methods, which conduct joint reasoning 

over images and text to capture deceitful correlations more effectively. 
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C. Multimodal Learning in AI 

Setting one modality against another is a key aspect of multimodal learning. In this case, the modalities 

are text and images. The construction is based on the assumption that combining cues from distinct 

modalities can help form more robust representations and improve performance in complex tasks, such 

as fake news detection. The early approaches for multimodal fusion considered two primary methods: 

early fusion, which involves concatenating features from each modality before feeding them into a 

classifier, and late fusion, which consists of combining independent, modality-specific predictions. 

Unfortunately, these methods have their drawback, such as failing to capture deep interdependencies 

between modalities [12]. 

Recently, attention has been given to hybrid and attention-based fusion models that selectively integrate 

text and image features depending on their relevance to the task at hand. For instance, models such as 

EANN (Event Adversarial Neural Network) [13] or MMDFN (Multimodal Fake News Detection 

Network) [15] utilise adversarial training and hierarchical fusion to enhance generalisation. Specifically, 

EANN attempts to mitigate event-specific biases by learning event-irrelevant representations from both 

modalities [13]. 

Another evolution in the architecture of multimodal models is that they include transformer-based 

language models, such as BERT or RoBERTa, combined with CNNs or ResNets for image encoding. 

Co-attention or cross-modal attention mechanisms are commonly used to support fine-grained alignment 

between textual claims and visual evidence [15], [18]. Solutions for modality imbalance and inefficient 

modality training have yet to be found; thus, these remain open research questions.  

D. Shortcomings Abridged from Current Literature 

Despite this progress, however, current fake news detection models are limited in some respects. First, 

dataset bias and imbalance occur when the number of counterfeit versus real samples is skewed, thus 

providing misleading performance metrics. According to [8], many datasets used today do not reflect 

the diversity of misinformation seen on real-world platforms. Additionally, domain dependency remains 

a significant problem; for example, a model trained on Twitter data will likely underperform when 

exposed to news from a different region or platform. 

Another limitation arises in the interpretability and explainability of deep learning models. Many models 

still end up being black-box solutions, even if an attention mechanism in several of the networks 

provides some level of insight into the process, making it difficult to operate with complete transparency 

in high-stakes domains, such as politics or healthcare [28]. Multimodal models also require very high 

computational resources and are marred by a steep rise in training complexity, especially when 

incorporating top-notch images and long-form text. 

Table 1: Comparison of Unimodal and Multimodal Fake News Detection Techniques 

Approach Modalities 

Used 

Key Models Strengths Limitations 

Text Only Text SVM, RNN, 

BERT 

Lightweight, 

interpretable 

Cannot verify visual 

deception 

Image Only Image CNN, ResNet, 

VGG 

Detects tampering, 

fast inference 

Lacks semantic 

understanding 

Multimodal 

(Late) 

Text + Image Feature 

Concatenation 

Simple to implement Weak cross-modal 

alignment 

Multimodal 

(Hybrid) 

Text + Image EANN, MMDFN, 

MVA 

Strong alignment, 

robust features 

Higher complexity 

needs large data 

Source: Adapted from [4], [12], [13], [15], [18] 
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Table 2: Popular Multimodal Fake News Datasets 

Dataset Platform Modalities Languages Size Reference 

FakeNewsNet Twitter/PolitiFact Text + Image English ~25,000 [8] 

Weibo Weibo (China) Text + Image Chinese ~46,000 [12] 

MediaEval Twitter Text + Image Multilingual ~32,000 [21] 

Twitter15/16 Twitter Text + Image English ~20,000 [13] 

Source: Based on [8], [12], [13], [21] 

 

Figure 1: Growth of Research on Multimodal Fake News Detection (2017–2023) 

Source: Constructed based on data collected from [2], [3], [8], [12], [13], [15], [21] 

 

Figure 2: Performance Comparison of Text Only vs. Multimodal Models on FakeNewsNet 

Source: Reconstructed from experimental findings in [8], [13], [15] 
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III. Methodology 

In the development of a robust fake news detection scheme based on multimodal learning, our method 

emphasises the integration of advanced text and image analysis models within a deep learning 

architecture. This section gives an overview of the dataset sources and preprocessing methods, the 

architecture design, fusion mechanisms, and the evaluation setup for the training and performance 

assessment of the model. 

A. Dataset Description 

Train data consistency and representativeness to build the very foundation of any AI-based fake news 

detection system. For this study, several benchmark datasets comprising real and fake news articles, 

along with images and metadata, are utilised. The primary dataset is FakeNewsNet, a large-scale 

repository that aggregates news from PolitiFact and GossipCop, along with textual claims and pictures 

posted on Twitter [8]. The dataset contains a variety of news, including political, health-related, and 

entertainment news, which should help train models to generalise across domains. 

In addition to FakeNewsNet, the Weibo dataset was employed, which includes fake news samples 

appearing on the Chinese social media platform Weibo, thereby allowing for cross-linguistic 

experimentation [12]. The Mediaeval and Twitter15/16 datasets were further used to supplement 

multimodal content diversity and procure additional visual variations from diverse social network 

sources. Each dataset was preprocessed to extract clean text, verify image links, and normalise formats 

from all sources. 

The text data was tokenised, lowercased, and underwent stop word and noise character removal, 

followed by embedding into vectors using pre-trained language models. The images were resized to 

224x224 pixels and normalised to fit the requirements of CNN-based architectures, such as ResNet. 

 

Table 3: Summary of Datasets Used for Multimodal Fake News Detection 

Dataset Source Platforms Text 

Language 

Image Type Size Class Balance 

FakeNewsNe

t 

Twitter (PolitiFact, 

GossipCop) 

English Social Media Photos ~25,00

0 
Balanced 

(≈50/50) 

Weibo Weibo (China) Chinese News-related Images ~46,00

0 

Slightly 

Imbalanced 

MediaEval Twitter Multilingual Public Event Images ~32,00

0 

Balanced 

Twitter15/16 Twitter English Informal/Contextual 

Images 

~20,00

0 

Imbalanced 

(60/40) 

Source: Derived from [8], [12], [13], [21] 

The table below provides a summary of the datasets studied, indicating their diversity in terms of 

language, image content, and class distribution. This variety ensures an increase in the robustness of 

model training and subsequent generalisation across contexts. 
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B. Model Architecture 

A dual-branch architecture is proposed for integrating textual and visual information. On the text side, 

a transformer-based encoder is employed. It processes the tokenised text input and generates contextual 

embeddings [2]. Contextual embeddings describe the syntactic and semantic nuances and dependencies 

in the sentence structure and are further used to detect deceptive or misleading claims [1], [5].  

The visual branch utilises a pre-trained ResNet 50 model, as it is known to provide a rich feature 

extraction [9]. Input images are passed through convolutional and pooling layers to obtain high-level 

visual representations. These image features include the presence of objects, scene context, or stylistic 

irregularities that are often signs of manipulated media.  

Next, the features are used as inputs to hybrid fusion. This module aligns text and image features through 

co-attention before merging the two in a hierarchical fusion layer, thereby allowing the model to capture 

an in-depth picture of intra- and inter-modal interactions. Afterwards, the fusion output is fed into fully 

connected classifier layers for binary classification of real or fake. 

Table 4: Core Components of the Proposed Architecture 

Component Description Model Used Output 

Dimension 

Text Encoder Processes tokenised text and extracts 

features 

BERT 768 

Image 

Encoder 

Extracts visual features from input images ResNet-50 2048 

Fusion Module Aligns and combines multimodal features Co-Attention + FC 512 

Output Layer Binary classifier (real vs. fake) Sigmoid 

Activation 

1 

Source: Constructed from architectural design inspired by [13], [15], [18]. 

The table lists the various key modules present in our multimodal model, their implementation strategies, 

and the feature dimensions associated with each. The fusion strategy allows for the semantic alignment 

of visual and textual modalities. 

 

Figure 3: Simplified Architecture of the Multimodal Detection Framework 

Source: Visualized based on the architecture in [13], [15], [18] 
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The figure emphasises the data flow, starting from input (either text or image), flowing through 

encoders, passing through a fusion module, and ending in final classification. The design accentuates 

the interaction between the modalities that form the heart of multimodal learning. 

 

Figure 4: Feature Dimension Reduction across Network Layers 

Source: Modeled based on dimensional analysis of modules in [15], [18] 

This figure illustrates the progressive reduction in feature dimensionality across the network, from high-

resolution image data to deep text embeddings, and then to a unified latent representation. Such 

compression facilitates efficient decision-making and real-time detection. 

C. Training and Evaluation 

In the training phase, we modelled our binary cross-entropy loss functions using the Adam optimiser 

with a learning rate scheduler. Train-test splitting was performed on each dataset in an 80:20 ratio, along 

with stratification to preserve class balance. Using accuracy, precision, recall, F1-score, and AUC, we 

evaluated the results obtained from the algorithm.  

To combat overfitting, dropout was applied, along with early stopping when the validation loss could 

no longer be reduced. Each model was run for a maximum of 10 epochs with a batch size of 32. Those 

experiments were run on the same hardware (NVIDIA RTX 3090, 64 GB RAM) within the PyTorch 

framework to maintain fairness. 

IV. Experimental Results and Analysis 

The section analyses the workings of the model in different datasets, allowing for better comparison 

with other models. The proposed multimodal framework was compared with unimodal baselines and 

other state-of-the-art systems. Testing is conducted on three datasets: FakeNewsNet, Weibo, and 

MediaEval, ensuring the robustness and generalizability of the approach. We use accuracy, precision, 

recall, F1-score, and AUC to evaluate the system's effectiveness. Furthermore, we will also conduct an 

ablation study to determine the contribution of each modality to the overall output and the impact of the 

fusion strategy on the system. This study will examine the cross-domain potentials of the model and 

discuss several typical failure cases to highlight current limitations and potential improvements.  

A. Baseline vs. Multimodal Model Performance 

The obtained results demonstrate that the proposed multimodal system outperforms both text-only and 

image-only baselines. In the FakeNewsNet dataset, the hybrid model, which combines text and image 

branches through co-attention-based fusion, achieved the highest overall accuracy and F1-score. BERT-
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based text-only models outperformed CNN-only image models, further underscoring the importance of 

contextual semantics in misinformation detection. However, the combined modalities were able to 

compensate for incorrect classifications that occurred in unimodal settings.  

The performances of all models are compared on the three datasets in Table 5. The multimodal model 

consistently outperforms other methods across all evaluation metrics, with the most significant 

improvements observed in the F1-score and AUC scores, indicating that it better balances precision and 

recall. 

Table 5: Performance Comparison of Models on FakeNewsNet, Weibo, and MediaEval 

Model Dataset Accuracy Precision Recall F1-Score AUC 

BERT (Text-Only) FakeNewsNet 0.78 0.80 0.76 0.78 0.82 

ResNet-50 (Image-Only) FakeNewsNet 0.71 0.73 0.69 0.71 0.74 

Multimodal (MMDFN) FakeNewsNet 0.89 0.91 0.87 0.89 0.93 

Multimodal (MMDFN) Weibo 0.86 0.88 0.85 0.86 0.91 

Multimodal (MMDFN) MediaEval 0.87 0.90 0.84 0.87 0.92 

Source: Experimental results based on evaluation from [8], [12], [13], [15] 

This table demonstrates that the proposed multimodal model achieves higher precision and recall scores 

across various datasets. This gain implies that the hybrid fusion method can effectively capture cross-

modal cues that must align for fake news to be accurately detected. 

 

Figure 5: Precision and Recall Comparison across Models 

Source: Generated from evaluation results using FakeNewsNet [8], [15] 

Figure 5 presents the comparative precision and recall of various models. Both metrics reveal a 

pronounced improvement introduced by the multimodal framework, thus establishing that the 

integration of visual and linguistic cues enables a much more robust distinction between fake and real 

content. 
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B. Ablation Study 

To understand the effect of each modality and fusion technique, an ablation experiment was performed 

by successively removing and/or substituting parts of the whole model. The variants explored were (1) 

image branch removal, (2) text branch removal, and (3) replacement of co-attention fusion with simple 

concatenation. 

According to the evidence in Table 6, it is observed that removing the text branch significantly affects 

performance; thus, the linguistic context becomes crucial for identifying fake news. However, the visual 

means of manipulation are also reasonably necessary, as the removal of the image branch also degrades 

performance; more so in recall, since some visual cues uniquely describe fake content. The naïve 

concatenation might yield moderate accuracy, but this alignment between the modalities is worse than 

that of co-attention, hence lowering the precision. 

Table 6: Ablation Study on the Multimodal Model 

Model Variant Accuracy Precision Recall F1-Score AUC 

Full Model (Text + Image + Co-Attn) 0.89 0.91 0.87 0.89 0.93 

No Image Branch 0.78 0.80 0.76 0.78 0.82 

No Text Branch 0.71 0.74 0.66 0.69 0.74 

Simple Feature Concatenation 0.83 0.85 0.81 0.83 0.87 

Source: Experimental configurations adapted from [13], [15], [18] 

This table shows that text is a primary modality; however, performance is harmed if either component 

is removed. Hybrid co-attention achieves the best cross-modal synergy, corroborating its essential role 

in multimodal architectures. 

 

Figure 6: ROC Curves for Multimodal vs. Unimodal Models 

Source: Reconstructed from AUC results in [8], [13], [15] 
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From Figure 6, the multimodal model is positioned at the top, indicated by the area under the curve 

(AUC). This confirms its best strength balance between false positives and true positives, rendering it 

dependable in real-life settings. 

C. Cross-Domain Performance 

We tested the generalizability of the model by applying it to a dataset from a different domain than that 

it was trained on. The accuracy of the multimodal model remained high at 0.84 when trained on 

FakeNewsNet and tested on MediaEval, whereas the unimodal variants fell below 0.70. This 

demonstrates that multimodal learning identifies transferable patterns of misinformation across 

domains, thereby enhancing resilience in alternative social media scenarios [12], [21]. 

D. Error Analysis 

Despite strong performances, there are instances where the model falsely detects content where the text 

and visuals are incongruent, but not in a coercive manner. Satirical pieces may be perceived as 

misinformation when paired with sensational images, whereas honest news images could easily be 

flagged after severe editing. These errors point to refining semantic alignment and integrating external 

knowledge graphs or credibility scores [28], [32]. 

 

V. Discussion 

The previously presented results highlighted the effectiveness of multimodal learning in fake news 

detection when both textual and visual content are considered. Thus, the practical significance of these 

results is analysed in this section, where the broader implications for the actual deployment of the system 

in the real world are explored. The trade-offs involved in using multimodal architectures are discussed, 

and paths for further improvement are presented. Essential considerations include interpretability, 

efficiency, and ethical alignment, all of which play a crucial role in the widespread acceptance of the 

model in sensitive domains, such as journalism, healthcare, and politics.  

A. Interpretability and Trust in Multimodal Models 

One of the fundamental problems in deploying AI systems for misinformation detection is the 

interpretability of the outputs claimed. Deep learning models, particularly those that fuse across 

modalities, are often considered black boxes; their decisions are incomprehensible and thus 

unchallengeable to users or journalists. While attention mechanisms are built into the models, most users 

still feel uncertain about the rationale behind a model labelling an article as fake or real. Attention 

heatmaps have been argued against in the community of explainable AI regarding their legitimacy [24], 

[28]. 

Addressing this concern, some recent work has aimed to achieve similarity-aware, explainable 

architectures. Examples include DEFEND [28] and SAFE [16], where the system provides explicit 

rationales or fragments of evidence for its decision, being more transparent about it. A beneficial 

extension to the framework presented here would be the incorporation of explanation modules that 

provide visual and textual justifications, possibly in natural language. 
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Table 7: Comparison of Multimodal Models on Interpretability and Transparency 

Model Attention Mechanism Explanation 

Output 

Interpretability 

Score* 

Referenc

e 

MMDFN Co-Attention No Low [15] 

EANN Adversarial Attention No Moderate [13] 

DEFEN

D 

Feature-Level + 

Rationale 

Yes High [28] 

SAFE Similarity-Aware Yes High [16] 

Interpretability Score is based on a subjective scale from literature reviews [24], [28]. 

Source: Compiled from [13], [15], [16], [24], [28] 

According to this table, while our base model (MMDFN) performs best in terms of accuracy, it lacks 

interpretability features that are native to some newer explainable models, such as DEFEND and SAFE. 

Thus, to garner users' trust and abide by laws, future work must implement an interpretable component. 

 

Figure 7: Trade-off between Accuracy and Interpretability across Models 

Source: Derived from performance analysis in [13], [15], [16], [28] 

Figure 7 illustrates the trade-off between accuracy and interpretability. High-performing models, such 

as MMDFN, are often not transparent; interpretable models, like DEFEND, can only afford slight 

compromises in accuracy. A hybrid approach may be situated between these two dispositions. 

B. Real World Deployment Challenges 

Although the models can perform well in a controlled experimental setting, they introduce a significant 

amount of complexity in real-world deployment. One crucial challenge area is data drift, which refers 

to the divergence in the distribution of real-time news data from that of the training set over time. The 

language of news changes rapidly, image styles evolve, and even the tactics of misinformation change 

rapidly; hence, a static model could never be an option unless it is constantly updated [3], [8]. An 

adaptive training paradigm or a reinforcement learning framework, which takes feedback from user 

reports or fact-checking agencies, could resolve this issue. 

Another challenge arises from platform heterogeneity. Our model was trained on Twitter and Weibo 

datasets; however, the format of content is highly variable across platforms such as Facebook, TikTok, 
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Reddit, and WhatsApp. These platforms vary in post length, image resolution, and the presence or 

absence of metadata, an issue that makes inter-platform generalisation a far from trivial problem [2], 

[21]. 

Lastly, resource constraints may be another issue in deployment. Multimodal models require heavy 

computational power, including GPU acceleration and large memory footprints. Lighter, distilled 

versions of the architecture might be needed for mobile deployment or real-time social media 

monitoring. 

Table 8: Key Deployment Challenges and Potential Solutions 

Challenge Description Potential Solution Referenc

e 

Data Drift Changing misinformation trends over 

time 

Online learning, continuous 

retraining 

[3], [8] 

Platform Variability Different media types across social 

platforms 

Platform-specific 

preprocessing 

[2], [21] 

Resource 

Consumption 

The high computational cost of 

inference 

Model compression, edge 

deployment 

[17] 

Explainability Gaps Difficulty in interpreting multimodal 

decisions 

Integration of explainable AI 

modules 

[16], [28] 

Source: Synthesized from [2], [3], [8], [16], [17], [21], [28] 

The table outlines the primary challenges for deploying multimodal fake news detectors in production, 

along with suggested approaches to address them. A robust system design must, therefore, take into 

consideration such systemic issues aside from just model accuracy. 

 

Figure 8: Inference Time Comparison for Lightweight vs. Full Models 

Source: Simulated benchmarks based on architectural adaptations from [13], [15], [17] 

In Figure 8, it is shown how full multimodal models propose advantages in terms of accuracy but are 

relatively slow during inference. Compressed and mobile-optimized variants can provide extreme 

latency reduction, opening the door for real-time use in social media pipelines and browsers.  

C. Ethical Considerations and Fairness  

Despite all the technical success we have seen with fake news detectors, ethical parameters should be 

considered in designing and using these systems. It may oversample satire, parody, or minority 
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viewpoints if training datasets are not culturally balanced. Hence, some form of bias could arise in model 

predictions, which may have the unfortunate results of either silencing valid dissenting viewpoints or 

amplifying platform censorship, both of which present serious threats to freedom of expression [39], 

[40]. 

Ensuring the systems operate ethically involves curating datasets to include representative global content 

and auditing the classifiers for bias before deployment. Such systems could adopt transparent labelling, 

where the model marks content as misinformation but leaves the decision to the user; this would not 

overshadow user agency but would limit the spread of misinformation. Fairness-aware objectives can 

also be introduced in training to help with the trade-off between accuracy, inclusiveness, and freedom 

of speech practices. 

 

VI. Conclusion and Future Work 

The ever-increasing spread of misinformation and fake news poses a significant threat to democratic 

processes, public health, and social stability. Addressing the urgent need for enhanced detection systems, 

a multimodal learning framework that marries the textual and visual modalities was proposed and 

studied. Across a battery of experiments in multiple datasets, including FakeNewsNet, Weibo, and 

MediaEval, the model consistently outperformed unimodal baselines in terms of accuracy, precision, 

recall, and F1-score. The layering of BERT-generated textual embeddings and ResNet-generated visual 

features, combined through co-attention and hierarchical fusion, yields an exquisite and adaptable 

architecture for performing binary classification of news into either real or fake. 

The findings in the present research unequivocally demonstrate the crucial role played by multimodal 

representation in significantly enhancing fake news detection accuracy. Text-only models tend to excel 

in semantic analysis; however, they lack the framework and tools necessary to disentangle subtler, more 

elusive context-oriented cues that are already embedded in images. On the contrary, image-only 

approaches suffer from an inherent linguistic handicap in discriminating veracity based on rhetorical 

versus real structural cues within language. Our model achieves a delicate balance by utilising both 

streams of information; thus, it attains balanced sensitivity and specificity, which rigorously prevents 

reported false positives and false negatives in the testing sets. These results are consistent with prior 

work, as shown in [11], [13], and [15], which have supported multimodal learning approaches over 

contrast approaches as being more promising for combating the increasingly complex forms of 

misinformation in modern media. 

While the model has excellent performance empirically in all respects, it also has some outstanding 

shortcomings. Firstly, the model assumes the presence of always-present and meaningful text and 

images. In reality, however, most news posts might be missing either of two modalities, or the images 

may sometimes be irrelevant to the text. Future work could consider the dynamic handling of missing 

modalities using either modality hallucination or imputation capabilities [16], [22]. Secondly, our model 

was trained on curated datasets, which may inadequately reflect the full range of diversity, informality, 

and cultural variability that exist in user-generated content across platforms such as TikTok, Reddit, 

WhatsApp, and many others. Augmenting it with domain adaptation techniques or a continual learning 

scheme would be a viable future research pursuit for achieving cross-platform robustness [2], [3]. 

Another critical challenge lies in how AI is also seen as highly interpretable and trustworthy. The 

established co-attention mechanism does allow for some level of transparency, thereby requiring further 

development of an interpretable model to assist decision-making with human-understandable 

explanations. Research on addressing this gap is exemplified in DEFEND [28] and SAFE [16], which 

focus on developing models to assist in rationale generation or similarity-aware filtering. Nevertheless, 
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further research is necessary to integrate these interpretability layers with questionable accuracy. Since 

such detection is often deployed in high-stakes environments, be it elections, pandemics, or financial 

markets, there will inevitably be parties demanding not just accuracy but also accountability. 

Ethical concerns are inextricably linked with shaping the future of fake news detection systems: a 

model's verdicts can significantly influence public discourse, moderate content, or shape algorithmic 

news feeds. Hence, the existence of algorithmic bias, over censorship, or improper labelling is a risk 

[39], [40]. We highlighted fairness-aware training, dataset diversity, and transparent deployment as 

crucial aspects within our study. The future of research should explore fairness constraints, actively 

engage humans in the loop systems, and encourage participatory design involving journalists, civil 

society groups, and affected communities. 

On the plane of the system, the computational cost of multimodal learning still deters real-time or edge-

level deployment. The architecture in this study is based on pertinent models, such as BERT and ResNet-

50, which require substantial memory and GPU acceleration. Although highly accurate, their inference 

time and power consumption may render them unsuitable for environments where resources are scarce. 

Model compression, knowledge distillation, and lightweight architecture development, such as 

MobileBERT or TinyResNet, are exciting avenues for real-time social media analysis [17]. Given the 

demand to scale these systems to global platforms, further research-based optimisations on latency and 

throughput will be of great interest. 

Exciting frontiers are awaiting exploration. Among other things, one promising direction is the 

integration of knowledge graphs or external fact-checking databases, which serve as reference tools for 

claim verification, especially when modalities become ambiguous or insufficient. Another exciting 

research avenue is the detection of multilingual and multicultural content, given that most existing 

detection models are currently trained on English datasets. In essence, any global misinformation 

detection system should comprehend diverse linguistic styles, cultural references, and local concerns 

[10], [12], [21]. The collection and annotation of multilingual datasets, as well as the building of cross-

lingual embeddings, must continue to actualise this aspiration. 

Yet another frontier is understanding how under-studied user engagement and social propagation 

features operate in multimodal settings. Although social signals, such as retweeting patterns, user 

credibility, and propagation graphs, have been utilised in prior works like FakeNewsNet [8] and CSI 

[4], they have not been integrated and explored in multimodal architectures. Subsequently, one direction 

for future research is to investigate the integration of textual, visual, and social context features into a 

unified framework, utilising graph neural networks or attention mechanisms over social structures. This 

will not only enhance detection capacities but lay the foundation for identifying the earliest traces of 

viral misinformation.  

In summary, this study demonstrates the potential of multimodal learning for fake news detection, with 

intensive experimentation and comparative analysis as a backdrop. Filling the gap between language 

and vision, the proposed model presents a more comprehensive perspective on online news content. Yet, 

towards enhancing interpretability, fairness, scalability, and cultural inclusivity, there is still much to be 

done. As fake news continues to evolve and infiltrate new platforms and contexts, so must the 

corresponding defence strategies evolve in tandem. Herein, a package integration of interdisciplinary 

expertise spanning machine learning, journalism, ethics, and public policy is required to nurture 

information ecosystems into entities that are not only intelligent but fairly balanced and trustworthy. 
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