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This study examined multimodal fake news detection, focusing on posts that combine text 

and images. The research aimed to determine how effectively multimodal approaches detect 

fake news, how they integrate textual and visual information, and how they compare with 

unimodal methods that analyze only text or visual content. The analysis benchmarked mul-

tiple state-of-the-art models across two realistic datasets. The models were tested to see how 

well they can detect misleading content. 

The results showed that multimodal approaches consistently outperform unimodal models, 

demonstrating that combining textual and visual information improves detection reliability. 

Methods that explicitly model interactions between text and images perform particularly 

well, while approaches that integrate information implicitly also benefit from capturing con-

textual dependencies. Visual content was found to provide complementary information, en-

hancing the overall performance of fake news detection. 
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Tässä tutkimuksessa tarkasteltiin multimodaalista valeuutisten tunnistusta, keskittyen julkai-

suihin, joissa yhdistellään tekstiä ja kuvia. Tutkimuksen tavoitteena oli selvittää, kuinka te-

hokkaasti multimodaaliset menetelmät tunnistavat valeuutisia, miten ne yhdistävät tekstin ja 

visuaalisen sisällön ominaisuudet, ja kuinka ne vertautuvat unimodaalisiin menetelmiin, 

jotka analysoivat vain tekstiä tai kuvia. Tutkimuksessa vertailtiin useita nykyaikaisia malleja 

kahden media-aineiston pohjalta, Malleja testattiin arvioimaan niiden kykyä tunnistaa har-

haanjohtavaa sisältöä. 

Tulokset osoittivat, että multimodaaliset menetelmät päihittävät johdonmukaisesti unimo-

daaliset menetelmät, mikä osoittaa, että tekstin ja visuaalisen sisällön yhdistäminen parantaa 

tunnistuksen luotettavuutta. Menetelmät, jotka mallintavat tekstin ja kuvien väliset vuoro-

vaikutukset eksplisiittisesti, toimivat erityisen hyvin, kun taas menetelmät, jotka integroivat 

tietoa implisiittisesti, hyötyvät myös kontekstuaalisista riippuvuuksista. Visuaalinen sisältö 

tarjosi täydentävää tietoa, mikä paransi yleistä valeuutisten tunnistuksen suorituskykyä. 
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1  Introduction 

In September 2015, conspiracy theorists and bloggers falsely claimed that the Obama ad-

ministration in US planned a military takeover of Texas through the Jade Helm 15 training 

exercise. Though the operation was routine, misinformation spread rapidly online, revealing 

how easily digital narratives can distort reality and inflame public fear. (Howerton, 2025). 

This thesis investigates multimodal fake news detection, focusing on posts that combine text 

and images. The topic is timely, because misinformation is spreading faster than facts, espe-

cially on social media platforms, shaping political decisions and public perception. Under-

standing and detecting multimodal misinformation is important to mitigate its real-world 

impacts and maintain information integrity in the digital world.  

Previous studies have made significant progress in fake news detection, primarily focusing 

on unimodal approaches that analyse either text or images independently. Text-based meth-

ods using natural language processing (NLP) and transformer architectures have shown 

strong performance in identifying misleading information, while image-based approaches 

employing computer vision techniques have been effective in detecting manipulated visuals. 

More recent studies have investigated multimodal methods that integrate both textual and 

visual data, demonstrating that integrating multiple modalities can improve detection accu-

racy compared to single-modality methods. These studies provide a solid foundation, show-

ing that leveraging the combination of text and images can improve the reliability of fake 

news detection models. 

Despite a great progress in the research, several important challenges remain. Many studies 

continue to rely on small or specifically selected datasets that do not reflect the full diversity 

and complexity of media content. This limits how well models can generalize to practical 

situations. In addition, the connection between text and visual content is often simplified, 

with limited attention to cases where captions give misleading meaning to images or where 

the two do not fully match. Because of these limitations, we still lack a clear understanding 

of the performance of state-of-the-art methods on large and diverse collections of multi-

modal content. This creates a need for systematic benchmarks that test these models thor-

oughly. 
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This thesis addresses this need by benchmarking state-of-the-art models for multimodal fake 

news detection, from unimodal baselines to advanced multimodal fusion and large language 

models. The research problem focuses on how well these models detect fake news in realistic 

datasets and how they combine text and image information to improve accuracy. The study 

addresses three questions: How effective are the current state-of-the-art multimodal ap-

proaches? How do they integrate textual and visual cues? How do they compare with uni-

modal methods? While limited by code availability for the models and computational re-

sources, the thesis aims to provide a clear evaluation of current techniques. 
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2  Background and Related work 

The growth of digital media and social platforms has fundamentally transformed how infor-

mation is generated and disseminated, leading to an unprecedented spread of false or mis-

leading content online. Fake news has emerged as a significant challenge in today’s infor-

mation landscape, affecting public trust and the credibility of media. This chapter explores 

the concept of fake news, its various forms, and its broader societal impacts and challenges. 

Building on this, the chapter examines the evolution of fake news detection methods, high-

lighting the progression from unimodal approaches, focusing on either text or images alone, 

to more sophisticated multimodal systems that analyse combined text and visual content. It 

introduces key architectures, techniques, and representative models that underpin current 

state-of-the-art research in multimodal fake news detection. By reviewing both classical and 

modern methodologies, this chapter lays the theoretical and technical groundwork necessary 

to understand and compare the approaches that will be evaluated in upcoming chapters, thus 

connecting the emerging challenges of fake news with the technological advancements de-

signed to combat it. 

2.1  Fake News and Impact 

The growth of digital media and social platforms has fundamentally changed how infor-

mation is generated and shared, leading to an unprecedented spread of false or misleading 

content online. Fake news has become a major challenge in today’s information landscape, 

affecting public trust and media credibility. This chapter explores what fake news is, the 

different forms it takes, and its broader societal impact and challenges. 

In recent years, the term “fake news” has received growing attention, yet its exact definition 

remains debated. It is commonly understood as news-like content that intentionally spreads 

false or misleading information. What separates fake news from legitimate journalism is the 

purposeful intent to deceive. While mainstream media may occasionally publish inaccurate 

reports, their goal remains in telling the truth, while fake news intentionally ignores it and is 

defined as the deliberate presentation of false or misleading news designed to deceive (Gel-

fert, 2018). Zhou and Zafarani (2022) propose a similar definition as intentionally and 
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verifiably false news published by a news outlet. These definitions summarize the core fea-

tures: falsity, intent to deceive, and presentation as news. So, fake news can be understood 

as intentionally deceptive content that mimics journalistic style, created to mislead audiences 

for political, ideological, or financial purposes (Zhou and Zafarani, 2020). 

Fake news can appear in many different forms depending on its purpose, content, and the 

techniques used to mislead audiences. Each type has distinct characteristics, which affect 

how it spreads and how it can be detected. Fabricated news consists of completely invented 

stories presented as real journalism. These stories often replicate the appearance and voice 

of credible news sources, using bylines, quotes, and professional layouts to appear credible 

(Tandoc et al., 2018). Fabricated news spread on social media because its titles are short, 

simple, and easy to understand, while the article text is often repetitive, so people share it 

without reading carefully (Horne and Adali, 2017). Manipulated content involves genuine 

information that is altered or presented out of context to mislead audiences. Modern tech-

niques include deep learning-based deepfakes, which create realistic but false audio or visual 

content. Manipulated visuals are particularly persuasive because people often trust visual 

information more than text. (Vaccari and Chadwick, 2020) Satirical or parody news imitate 

journalistic reporting for entertainment or social commentary. While not intended to deceive, 

satire can be misunderstood when it leaves outsides its original context, especially on social 

media where cues about tone or intent are often missing (Tandoc et al., 2018). 

These types of fake news can also intersect. Fabricated stories may include manipulated 

visuals, and satire may be misinterpreted as genuine news. Understanding these forms is 

important for identifying, analysing, and countering fake news online.  

Fake news has a great effect on individuals, society and political processes. Its spread can 

mislead audiences, affect opinions, and reduce trust in news resources. Because fake news 

often evokes strong emotional responses, it tends to spread quickly and widely (Del Vicario 

et al., 2016). Impact on individuals: Exposure to fake news can modify beliefs and alter the 

decision-making process of a human. People tend to share content that confirms their preex-

isting beliefs, thereby strengthening their biases and creating echo chambers (Del Vicario et 

al., 2016). Impact on society: On a societal level, fake news can affect public discourse and 

civic engagement. It promotes misinformation during elections and undermines confidence 

in public institutions (Allcott & Gentzkow, 2017).  
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Challenges in detection: Detecting fake news poses major difficulties because of its evolving 

nature and the diversity of forms it takes. According to UN ITU (2024) the rise of AI-gen-

erated deepfakes has outpaced current detection capabilities, often deceiving even trained 

professionals and complicating verification efforts. Also, the quick spread of deceptive in-

formation, particularly via social media platforms, frequently outpaces the verification ca-

pacity of fact-checkers and automated systems. This accelerated spread amplifies the impact 

of misinformation, letting it to influence large audiences before corrective interventions can 

be implemented. Challenges with regulations: Regulating fake news is difficult because it 

must balance controlling misinformation with protecting free speech, and the global nature 

of online content complicates enforcement (Jacobs, 2022). 

The impact of fake news is amplified by digital platforms. Fake news is now seen as a serious 

threat to democracy, journalism, and free speech. It has made people trust governments less, 

and we still don’t know how much harm it may cause in the future. (Zhou and Zafarani 2022) 

2.2  Unimodal Fake News Detection 

Before the rise of multimodal systems, fake news detection research focused mainly on sin-

gle-source analysis, either textual or visual. Early unimodal approaches, such as textual clas-

sifiers, laid the foundation for modern misinformation detection by identifying deceptive 

patterns in language, paving the way for more advanced techniques (Shahi, 2025). Although 

such methods advanced understanding of how misinformation spreads in isolated formats, 

they proved insufficient for detecting the complex, cross-modal deceptions common in to-

day’s online environment (Shahi, 2025). This chapter examines the evolution of unimodal 

fake news detection, highlighting key developments in text-based and visual-based systems 

and the challenges that motivated the transition toward multimodal solutions. 

Early research into fake news detection was mostly text-based, relying on linguistic cues and 

handcrafted textual features to distinguish between factual and deceptive information. Early 

models primarily applied standard machine learning algorithms, for example, support vector 

machines and logistic regression, and random forest to classify textual data before the adop-

tion of deep-learning techniques. (Al-alshaqi et al., 2024) Studies during this period revealed 

that fake news typically relied on simple and repetitive content with shorter bodies and more 

attention-grabbing titles, relying on user’s quick judgements rather than strong arguments to 
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persuade readers (Horne and Adalı, 2017). Sentiment analysis was also utilised to identify 

excessively positive or negative tones, which were common in misleading reports (Shahi, 

2025). These early text-based systems still faced challenges when applied to the fast-chang-

ing online information ecosystem. They faced challenges in generalisation and were prone 

to overfitting, as datasets were very small or imbalanced and linguistic patterns varied across 

contexts (Hamed et al., 2023). 

As the limitations of handcrafted features became increasingly evident, research in fake news 

detection shifted toward deep learning approaches. Standard Recurrent Neural Networks 

(RNNs) can model sequential data, yet they have difficulty capturing long-range dependen-

cies because the gradients used during training often become too small or too large, making 

it difficult for the network to learn effectively over longer sequences. To address this issue, 

gated architectures like Long Short-Term Memory (LSTM) networks and Gated Recurrent 

Units (GRUs) were introduced. Their gating mechanisms and stable memory cells allow 

these models to capture long-term contextual information that standard RNNs cannot. Bi-

directional variants further enhance performance by processing sequences in both directions, 

capturing richer context for tasks like text classification and fake news detection. (Bahad et 

al., 2019). 

The evolution of natural language processing (NLP) further accelerated with the introduction 

of transformer-based architectures, particularly BERT (Bidirectional Encoder Representa-

tions from Transformers). BERT-based models have shown notable performance in fake 

news detection by learning bidirectional context and capturing deep semantic and syntactic 

relationships within text (Helal et al., 2024). Such models move beyond superficial linguistic 

cues and instead rely on learned embeddings that represent variative meaning, sarcasm, or 

contextual deception (Helal et al., 2024). 

Unimodal text-based approaches still show notable weaknesses. Misinformation in the dig-

ital era often combines text with manipulated visual or multimedia content to increase cred-

ibility. Text-only models lack the ability to verify claims visually or detect inconsistencies 

between narrative and image content. For instance, a fake article might present a real photo 

from a different event to support false claims, an inconsistency that text-based analysis alone 

cannot detect. While textual analysis forms a foundational aspect of misinformation detec-

tion, its effectiveness is limited when deception involves multimodal factors such as images, 

videos, or embedded visual text. 
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The rapid spreading of image- and video-based misinformation on social media has made 

visual analysis a crucial component of fake news detection. Unlike textual misinformation, 

which relies on language manipulation, visual misinformation leverages the psychological 

credibility of images and videos to deceive audiences (Cao et al., 2020). Research into uni-

modal visual detection has focused primarily on identifying manipulated, fabricated, or mis-

leading media through pixel-level analysis, statistical inference, and deep learning-based 

visual representations (Shahi, 2025). 

In the early stages, visual misinformation detection relied on digital image forensics. These 

methods focused on identifying tampering traces such as inconsistencies in compression ar-

tefacts, lighting direction, or image metadata. Approaches like Error Level Analysis (ELA) 

and frequency-domain analysis were commonly used to highlight discrepancies introduced 

during image editing (Cao et al., 2020). These traditional techniques still proved inadequate 

for detecting subtle manipulations or artificial images produced by modern generative mod-

els (Abbas & Taeihagh, 2024). 

The adoption of convolutional neural networks (CNNs) marked a major change. CNNs learn 

hierarchical image features directly from pixels, which makes them effective at finding ma-

nipulation artifacts and visual patterns that handcrafted methods miss (O’Shea & Nash, 

2015). One of the most influential architectures is VGG-19, a 19-layer CNN developed by 

the Visual Geometry Group at the University of Oxford (Simonyan & Zisserman, 2014). 

VGG-19 extends the VGG family’s design principle of stacking small 3×3 convolutional 

filters to build very deep feature hierarchies. Also, there is multi-domain CNN frameworks 

that extract both pixel-level and frequency-domain features and then fuse them with attention 

have shown improved detection of tampered or misleading images (Qi et al., 2019). At the 

same time, the rapid growth of Generative Adversarial Networks (GANs) has produced 

highly realistic synthetic images and videos called deep fakes, which are hard to detect with 

simple forensic tests. Deepfake detection approaches employ AI-based frameworks that an-

alyse images, audio, and video to automatically detect manipulated or artificially generated 

content. (Abbas & Taeihagh, 2024). 

Visual-only systems still face obstacles. Images or videos can be authentic but shown with 

misleading captions or reused from other events or manipulated visuals may be paired with 

harmless text. Purely visual models cannot detect cross-modal mismatches or verify claims 

that require external knowledge, meaning they often miss cases where the accompanying 
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text contradicts the image (Shahi, 2025). These shortcomings motivate combining vision 

models with textual and contextual signals in multimodal systems. 

2.3  Multimodal Fake News Detection 

As misinformation has become more advanced, using text, images, and videos together to 

appear more believable. Research has moved from unimodal detection to multimodal. Mul-

timodal methods combine information from several sources, such as text, visuals, and con-

text, to better spot inconsistencies and signs of deception (Khattar et al., 2019). These sys-

tems can find relationships between different types of data that single-modality models often 

miss, giving a fuller picture of how misinformation spreads (Wang et al., 2022). This chapter 

looks at the main types of multimodal fake news detection approaches: early fusion, cross-

modal fusion, and transformer- and LLM-based models. All the models represented are con-

sidered state-of-the-art models.  

 

Figure 1: Simplified illustration of early fusion model (Singhal, 2019) 

 

Early fusion, also called feature-level fusion, is a multimodal integration strategy where fea-

tures extracted from different modalities, are combined into a single representation before 

being input into a classifier (Lin et al., 2024). As shown in Figure 1, this approach merges 
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the outputs of text and image encoders at an early stage, allowing the model to learn from 

both sources of information, image and text. This method leverages the complementary and 

redundant information from both modalities, enabling the model to capture cross-modal re-

lationships that may indicate fake news (Khattar et al., 2019). 

Early fusion can be implemented by concatenating feature vectors from text and images or 

mapping them into a shared embedding space (Lin et al., 2024). For instance, SAFE (Zhou 

et al., 2020) concatenates textual and visual features and measures their similarity to detect 

inconsistencies, improving the detection of misleading or manipulated content. MVAE 

(Khattar et al., 2019) uses a multimodal variational autoencoder to learn a shared represen-

tation of text and visual features, which is then fed into a classifier for fake news detection. 

SpotFake (Singhal et al., 2019) leverages pretrained language transformers and ImageNet 

models to extract textual and visual features, which are fused before classification. Similarly, 

a model EANN (Event adversarial neural networks for multi-modal fake news detection) 

(Wang et al., 2018) combines text and image features through early fusion before classifica-

tion, forming a joint multimodal representation. What distinguishes EANN is its use of ad-

versarial training to remove event-specific patterns, enabling the fused representation to gen-

eralize to unseen events.  

The main advantage of early fusion is that it allows the classifier to directly model interac-

tions between modalities, capturing joint patterns that may not be evident in unimodal anal-

ysis (Lin et al., 2024). However, it has notable challenges, including high-dimensional fea-

ture vectors, risk of overfitting, and the requirement for well-aligned multimodal features 

(Khattar et al., 2019). 

Despite these challenges, early fusion remains widely used in multimodal fake news detec-

tion because it effectively exploits complementary information across modalities and serves 

as a baseline for more complex fusion methods (Hamed et al., 2023). 



16 

 

 

 

Figure 2: Simplified illustration of Cross-modal fusion (Chen et al., 2022) 

 

Cross-modal fusion, also called intermediate or joint fusion, aims to model deep semantic 

interactions between both modalities by aligning and integrating them in a shared space 

(Chen et al., 2025a). As illustrated in Figure 2, this approach processes textual and visual 

features separately before combining them through cross-attention or other interaction mech-

anisms, enabling the model to learn complex relationships between modalities. Unlike early 

fusion, which simply concatenates features, cross-modal fusion focuses on capturing dy-

namic correlations and inconsistencies between modalities to improve fake news detection 

(Qiao et al., 2025). 

Traditional approaches rely on pre-trained unimodal encoders, followed by fully connected 

layers to align features into a shared representation space (Li et al., 2025). However, these 

methods only align text and image features at a basic level and fail to capture deeper seman-

tic connections between them (Li et al., 2025). To address these limitations, Li et al. (2025) 

proposed the Hierarchical Cross-Modal Interaction Network (HCMIN), which uses contras-

tive learning and dual attention to connect information within and between text and images. 

This helps the model better understand how well the text and image match or conflict, which 

is important for spotting fake news. Chen et al. (2025a) introduced Information-Level Mul-

timodal Fusion for Fake News Detection (ILMF-FND), which refines unimodal features 
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before performing cross-modal alignment and fusion through low-rank tensor compression. 

Its modal adaptation module dynamically reweights unimodal and fused representations, en-

hancing detection accuracy while reducing computational complexity. Similarly, Chen et al. 

(2022) proposed CAFE (Cross Modal Ambiguity Learning for Multimodal Fake News De-

tection), which mitigates misclassification caused by inconsistent modalities by explicitly 

modelling text–image correlations. After this, Wang et al. (2025) developed a cross-modal 

contrastive learning framework that uses attention-guided alignment to achieve fine-grained 

correspondence and improved interpretability. 

Qiao et al. (2025) proposed the Cross-modal Content Correlation Network (C3N), which 

captures text–image relationships through a convolutional operation on similarity matrices 

derived from CLIP embeddings. By analysing correlations rather than scalar similarities, 

C3N effectively detects inconsistencies that indicate manipulated or misleading content. 

These cross-modal fusion approaches demonstrate that modelling fine-grained cross modal 

dependencies and inconsistencies is crucial for reliable fake news detection. 

 

Figure 3: Simplified illustration of Transformer-based model (Yang et al., 2023) 

 

Transformer-based architectures have become important to news detection because they ef-

fectively manage long-range dependencies and handle sequential data without CNN or RNN. 
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Unlike CNN or RNN, as shown in Figure 3, transformers use self-attention to learn contex-

tual relationships within and across data modalities, which allows them to model complex 

dependencies between text and visual features. This capability makes them particularly suit-

able for multimodal misinformation analysis, where both textual and visual coherence are 

important (Nasser et al., 2025). 

Several transformer-based models have been developed to enhance multimodal fusion for 

fake news detection. For instance, Choi and Kim (2024) proposed TT-BLIP, an end-to-end 

model that integrates BERT and BLIP encoders for textual and visual data, respectively. It 

employs a Multimodal Tri-Transformer architecture to fuse tri-modal features through multi-

head attention mechanisms, effectively improving representation learning.  

KGAlign, introduced by Zhang et al. (2025), extends the transformer framework by incor-

porating external knowledge graphs into multimodal fake news detection. KGAlign aligns 

textual, visual, and knowledge representations using transformer-based cross-modal atten-

tion, enriching semantic understanding beyond surface-level features. Another recent state-

of-the-art approach is the TGA model (Yang et al., 2023), a multimodal transformer frame-

work which extracts textual and visual features using separate transformer encoders and 

fuses them through an attention mechanism. It also leverages the degree of feature similarity 

between text and image modalities to refine the detection outcome, improving the identifi-

cation of inconsistencies indicative of misinformation. (Yang et al., 2023) 

Transformer-based models such as TT-BLIP (Choi and Kim, 2024) and KGAlign (Zhang et 

al., 2025) demonstrate the growing effectiveness of attention driven architectures in model-

ling complex multimodal relationships and identifying inconsistencies that signal misinfor-

mation 
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Figure 4: Simplified illustration of LLM/LVLM models (Tahmasebi et al., 2024) 

 

Large Language Models (LLMs) have become an important area of development in multi-

modal fake news detection because they can understand complex language patterns and use 

background knowledge more effectively than smaller pre-trained models. Traditional small 

language models (SLMs) such as BERT often struggle with domain-specific reasoning and 

cross-modal relationships, which limits their ability to detect misinformation accurately 

(Wang et al., 2024). To address these challenges, Wang et al. (2024) proposed the FND-

LLM framework, which combines SLMs and LLMs to make use of both detailed feature 

extraction and broader reasoning. As shown in Figure 4, like other LLM models, the model 

similarly includes several coordinated branches for extracting linguistic and image-based 

information, a co-attention network for refining cross-modal relationships, a CLIP-based 

branch for aligning image and text features and an LLM branch that performs logical rea-

soning and external knowledge verification using models like GPT-4. This structure allows 

the system to validate news content and make final predictions with improved interpretabil-

ity and accuracy. 

Tahmasebi et al. (2024) introduced a Large Vision-Language Model for Fact Verification 

(LVLM4FV) that retrieves textual and visual evidence from multiple sources in a zero-shot 

setting, achieving better performance and generalization than supervised baselines. Hu et al. 
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(2024) proposed the Adaptive Rationale Guidance (ARG) model, in which LLMs support 

SLMs by providing multi-perspective reasoning explanations. Their study found that while 

LLMs alone may not outperform fine-tuned smaller models, they greatly improve interpret-

ability and reasoning when used together in hybrid systems.  

Another large language fake news detection model GLPN-LLM (Global Label Propagation 

Network with LLM-based Pseudo Labelling) is framework by Hu et al. (2025), which rep-

resents one of the most recent advances in multimodal fake news detection using large lan-

guage models. A multimodal framework that integrates LLM capabilities through label prop-

agation techniques. In this approach, LLMs generate pseudo labels for multimodal samples, 

which are then refined and propagated across the dataset using a mask-based global label 

propagation mechanism. This mechanism prevents label leakage during training by ensuring 

that samples do not propagate their own labels, while still allowing effective information 

sharing between instances. The synergy between LLM-based pseudo labelling and global 

label propagation significantly enhances detection accuracy and stability, even when indi-

vidual pseudo labels are imperfect. 

These studies demonstrate that LLMs and LVLMs improve fake news detection by combin-

ing content analysis with external reasoning and knowledge retrieval. This integration leads 

to more reliable, generalizable, and interpretable detection systems capable of handling both 

textual and visual misinformation. 
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3  Benchmark  

This chapter presents a benchmark evaluation of state-of-the-art multimodal fake news de-

tection models. The goal is to assess how well different categories of models, early fusion, 

cross-modal fusion, transformer-based, and large language model-based approaches perform 

in detecting misinformation across social media platforms. To provide a comprehensive per-

spective, these multimodal models are compared against text-only and visual-only baseline 

methods, highlighting the added value of integrating multiple modalities. 

The evaluation is conducted using two widely adopted datasets in fake news research, Twit-

ter and Weibo. These datasets contain diverse examples of multimodal fake news, including 

text-image combinations with varying levels of manipulation and contextual cues. Each 

model is tested under consistent experimental settings to ensure a fair comparison, focusing 

on key performance measures including precision, recall, F1 and accuracy. By conducting 

this benchmarking, the chapter seeks to determine how effectively multimodal approaches 

outperform unimodal methods, identify which fusion strategies and architectural designs get 

the most reliable detection results, and outline emerging trends that can guide future devel-

opments in multimodal fake news detection. 

3.1  Benchmark Environment 

All tests were conducted on a local workstation and, when necessary, verified using Google 

Colab. The local system specifications are as follows in Table 1: 

 

Table 1: Experiment Environment 

CPU AMD Ryzen 7 7800x3d 

GPU Nvidia rtx 4070S 

Memory 32gb ddr5 RAM 

Operating Sys-

tem  Windows 10 64-bit 
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All models were executed in python environments using their respective framework versions 

as provided in the official implementations. Different update versions of Python, PyTorch, 

the Transformers library, and TensorFlow were used in this study. The environment was 

modified if it had gone out of date and was unimplementable. 

3.2  Benchmark Datasets 

Two publicly available multimodal datasets were used for training and evaluating the mod-

els. The Twitter dataset was collected in the context of the MediaEval 2015 workshop and 

comprises tweets with associated images or videos spread around major events. Each tweet 

is labelled as either real or fake. (Boididou et al., 2015) This dataset is one of the most widely 

used datasets in multimodal fake news detection setups. The Weibo dataset covers Chinese 

microblogs from May 2012 to January 2016. Fake news items are drawn from the official 

Weibo rumour-debunking system while real news posts are from authoritative sources (Jin 

et al., 2017). This dataset supports evaluation of cross-lingual and cross-platform rumour 

detection in a multilingual context. 

3.3  Benchmark Models 

For the benchmark study, several state-of-the-art fake news detection models were selected. 

The selection criteria were primarily based on the availability of code and the feasibility of 

testing the models. Adaptability to the chosen datasets was considered, ensuring that the 

models could handle the data format and languages. 

The models selected to the benchmark: 

Baseline models (To which the performance of the models is compared): 

• BERT (Text-only) 

• VGG-19 (Visual-only) 

State-of-the-art models: 

• Spotfake (A Multi-modal Framework for Fake News Detection) (2019) 
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• EANN: (Event-Adversarial Neural Networks for Multi-Modal Fake News Detec-

tion) (2018) 

• CAFÉ (Cross Modal Ambiguity Learning for Multimodal Fake News Detection) 

(2022) 

• ILMF-FND (Information-Level Multimodal Fusion) (2025) 

• TGA (Multi-modal transformer) (2023) 

• GLPN-LLM (Global Label Propagation Network with LLM-based Pseudo Label-

ling) (2025) 

3.4  Benchmark Metrics 

TP = True Positives 

TN = True Negatives 

FP = False Positives 

FN = False Negatives 

Eq 1.  𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =  
𝑻𝑷

𝑻𝑷+𝑭𝑷
 

Eq 2. 𝑹𝒆𝒄𝒂𝒍𝒍 =  
𝑻𝑷

𝑻𝑷+𝑭𝑵
 

Eq 3. 𝑭𝟏 =  
𝟐 × 𝑷𝒓𝒆 × 𝑹𝒆𝒄

𝑷𝒓𝒆+𝑹𝒆𝒄
 

Eq 4. 𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑷+𝑭𝑵
 

The evaluation metrics offer a detailed view of the models’ performance. Precision (Eq 1.) 

indicates how many of the items labelled as positive are indeed positive, highlighting the 

model’s effectiveness in avoiding false positive outcomes. Recall (Eq 2.) reflects the per-

centage of actual positive samples that the model correctly identifies, showing its effective-

ness in reducing false negatives. Combining both precision and recall, the F1-score (Eq 3.) 

offers a single, balanced evaluation of performance. Accuracy (Eq 4.) measures the model’s 

overall capability to make correct predictions across all classes, giving a general assessment 
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of its effectiveness. Together, these metrics deliver a complete picture of the strengths and 

limitations of the classification models. 
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4  Results 

Table 2. Benchmark Results 

Dataset Approach Model Accuracy Precision Recall F1 

  Text-only BERT (2018) 0.76 0.74 0.78 0.75 

  Visual-only 

VGG-19 

(2014) 
0.72 0.70 0.74 0.71 

  Early Fusion 

SpotFake 

(2019) 0.80 
0.85 0.79 0.81 

Weibo   EANN (2018) 0.80 0.77 0.82 0.79 

  Cross Modal CAFE (2022) 0.82 0.84 0.80 0.82 

    

ILMF-FND 

(2025 0.91 0.94 0.87 0.88 

  Transformer TGA (2023) 0.92 0.89 0.86 0.86 

  LLM 

GLPN-LLM 

(2025) 0.87 0.90 0.86 0.88 

  Text-only BERT (2018) 0.71 0.68 0.63 0.65 

  Visual-only 

VGG-19 

(2014) 
0.56 0.59 0.55 0.57 

  Early Fusion 

SpotFake 

(2019) 
0.78 0.79 0.75 0.77 

Twitter   EANN (2018) 0.75 0.72 0.77 0.74 

  Cross Modal CAFE (2022) 0.81 0.80 0.81 0.81 

    

ILMF-FND 

(2025) 0.88 0.90 0.91 0.91 

  Transformer TGA (2023) 0.90 0.85 0.93 0.89 

  LLM 

GLPN-LLM 

(2025) 0.88 0.86 0.92 0.89 

 

 

Above in Table 2 are the benchmarking results. Baseline models were first evaluated to es-

tablish reference points. The text-only BERT model consistently outperformed the image-

only VGG-19 across both datasets. On the Weibo dataset, BERT achieved an accuracy of 

0.76 and an F1-score of 0.75, whereas VGG-19 only reached 0.72 on accuracy and 0.71 on 

F1. On Twitter, the performance of both baselines declined, reflecting the more diverse and 

less structured nature of Twitter content. BERT achieved an accuracy of 0.71 and an F1-

score of 0.65, while VGG-19’s performance dropped to 0.56 on accuracy and 0,57 on F1. 

These results highlight that textual information is generally more informative for fake news 
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detection, although relying only on text limits the overall accuracy and robustness of the 

models. 

Early fusion models, which combine textual and visual features at an initial stage, improved 

performance over the unimodal baselines. SpotFake, an early fusion approach, achieved an 

F1-score of 0.81 on Weibo and 0.77 on Twitter, demonstrating that integrating multiple mo-

dalities provides complementary information useful for fake news detection. EANN ob-

tained an F1-score of 0.79 on Weibo and 0.74 on Twitter, suggesting that early fusion strat-

egies can consistently enhance performance. These improvements were more noticeable on 

Chinese dataset Weibo, indicating that the effectiveness of early fusion may depend on da-

taset characteristics like text length, language style, and image usage. 

On cross-modal models, CAFE achieved an F1-score of 0.82 on Weibo and 0.81 on Twitter, 

outperforming the early fusion methods on both datasets. Out of the two, the more effective 

cross-modal model, ILMF-FND, achieved the higher scores across both datasets, with an 

F1-score of 0.88 on Weibo and 0.91 on Twitter. This indicates that capturing fine-grained 

relationships between textual and visual cues allows the model to leverage complementary 

information more effectively than simple feature fusion. 

Transformer model TGA achieved an F1-score of 0.86 on Weibo, while on Twitter it reached 

0.89. Although transformer models are effective at capturing contextual information, TGA’s 

performance was slightly lower than ILMF-FND’s, particularly on Weibo. Large language 

model GLPN-LLM also demonstrated strong performance, achieving an F1-score of 0.88 on 

Weibo and 0.91 on Twitter.  
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5  Discussion 

The findings provide insight into the current state of fake news detection and highlight the 

strengths and limitations of different modelling strategies. One clear pattern is that multi-

modal approaches consistently outperform unimodal baseline models. Text-only Bert model 

generally surpasses image-only VGG-19, demonstrating that textual content contains more 

reliable cues for identifying misinformation. The inclusion of visual information further im-

proves predictive performance, particularly when cross-modal interactions are explicitly 

modelled. ILMF-FND proves this by achieving the highest scores on both datasets on aver-

age, suggesting that the fine-grained integration of text and image enables the model to cap-

ture subtle signals that may not be evident from either modality alone.  

The integration strategy of textual and visual cues is a key difference among models. Early 

fusion models, which combine features at the input stage, improve baseline performance but 

may fail to capture complex interdependencies between modalities. Cross-modal models, on 

the other hand, specifically look at how text and images work together, helping the system 

see when they support each other or give conflicting information. This results in more robust 

detection, as proved by ILMF-FND’s performance. Transformer-based models and LLMs 

leverage attention mechanisms. They combine information on their own, understanding the 

context between text and images even without explicitly modelling the interactions. Their 

strong performance highlights the value of contextual learning, though they may still fall 

short of specialized cross-modal architectures when fine-grained interactions are critical. 

Dataset characteristics also significantly influence model performance. Most of the models 

achieved higher scores on Weibo than on Twitter, likely due to differences in language com-

plexity, post length, and visual content. Twitter posts are generally shorter, more heteroge-

neous, and may include memes or other unconventional visual content that is harder for 

models to interpret. This suggests that models trained and validated on a single platform may 

not generalize seamlessly across social media networks, emphasizing the need for broader 

evaluation. 

This study confirms that advanced multimodal approaches provide benefits for fake news 

detection. Simple text or image analysis is insufficient for reliably identifying misinfor-

mation, while models that can capture cross-modal relationships or leverage pre-trained 
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knowledge offer the highest accuracy and robustness. The results also show that the type of 

dataset matters and that models need to adjust to the differences in content on each platform. 
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6  Conclusions & Future Work 

This thesis has systematically evaluated the performance of state-of-the-art models for fake 

news detection by benchmarking the models on two different datasets, addressing the re-

search questions set in the beginning of the study: 

The findings demonstrate that multimodal approaches are highly effective in detecting fake 

news, consistently outperforming unimodal baselines. Among all the models, ILMF-FND 

achieved the highest performance on average with F1-scores of 0.88 on Weibo and 0.91 on 

Twitter. This shows that carefully modelling the interactions between text and images, rather 

than simply combining features, significantly improves detection accuracy. Transformer-

based models and LLM, TGA and GLPN-LLM, also performed strongly, leveraging atten-

tion mechanisms and pre-trained contextual knowledge to capture relationships across mo-

dalities. While unimodal models, particularly Text-only BERT, provided a strong founda-

tion, they were outperformed by multimodal architectures, demonstrating that visual cues 

add complementary information that enhances detection performance. 

Regarding how textual and visual information is integrated, the study finds clear differences 

between approaches. Early fusion models like SpotFake and EANN combine text and image 

features at the input stage, which improves performance over unimodal models but cannot 

fully capture complex interactions between modalities. Cross-modal models, such as CAFE 

and especially ILMF-FND, explicitly model the relationships between text and images, al-

lowing the system to detect when textual and visual content support each other or provide 

conflicting information. Transformer and LLM-based models integrate multimodal infor-

mation implicitly through attention and contextual modelling, capturing dependencies with-

out explicitly fusing features. These results indicate that models that carefully model cross-

modal interactions provide the most robust and accurate fake news detection. 

In comparing multimodal approaches to unimodal methods, the study confirms that text 

alone is more informative than images alone, but integrating visual content consistently im-

proves performance. On both datasets, multimodal models outperformed Text-only BERT 

and Image-only VGG-19, highlighting the importance of combining modalities in a comple-

mentary way. This addresses the third research question by showing that while unimodal 
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approaches provide a baseline level of detection, multimodal models are clearly superior in 

accuracy, recall, and F1-score. 

From a theoretical point of view, this thesis provides clear evidence that models combining 

text and images work better than those using only one type of data or combining them in a 

simple way. In practice, the results show that social media companies, fact-checkers, and 

other organizations could improve their fake news detection systems by using these multi-

modal models. On a wider level, better fake news detection can help stop the spread of mis-

information, support more informed discussions, and reduce the negative effects of fake 

news on society. 

Despite the outcomes, several limitations must be considered. The study only evaluated on 

two datasets, which may not capture the full diversity of social media content, including 

other languages, platforms, or non-standard visual formats such as memes. In addition, only 

a limited number of models were tested, even though there are many more approaches pro-

posed in the literature. Many of these models could not be included because their implemen-

tations or pretrained weights were not publicly available, which restricted the scope of ex-

perimental comparison. The study also focused only on performance metrics and did not 

examine explainability, interpretability, or user trust. Factors that are increasingly important 

for practical deployment. Since the implementations used in this study were reproduced by 

the author with assistance from ChatGPT, there is a possibility of unintentional errors or 

deviations from the original methods, which may have influenced the results. 

Future research should aim to overcome these limitations and continue advancing the field 

of multimodal fake news detection. One important direction is to evaluate models on a wider 

range of datasets, languages, and social media platforms to better understand how well they 

generalize across different contexts. This would help ensure that fake news detection systems 

are not biased toward specific cultures, languages, or content types. Including new types of 

visual data like GIF’s, would also make the evaluations more representative of realistic mis-

information. Improving computational efficiency is also a key area for future work. Current 

state-of-the-art multimodal models often require significant processing power, which limits 

their use in large-scale or real-time applications. Research into lightweight or optimized ar-

chitectures could make it possible to deploy these systems on social media platforms where 

quick response times are critical. Future research should also focus on explainability and 

user trust. As fake news detection models are increasingly used in public systems, it is 
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important that their decisions are transparent and understandable to both users and modera-

tors. Integrating explainable AI techniques would help reveal how models make decisions, 

allowing humans to verify results and increasing trust in automated systems. By addressing 

these areas, future studies can not only improve the technical performance of fake news 

detection models but also make them more ethical, accessible, and suitable for real-world 

use. 

In conclusion, this thesis has successfully answered its research questions. Multimodal ap-

proaches are highly effective in detecting fake news, the integration of textual and visual 

cues is most effective when cross-modal interactions are modeled explicitly, and these ap-

proaches outperform unimodal methods consistently. By benchmarking multiple state-of-

the-art models, the thesis provides insights into model strengths and limitations, emphasizes 

the importance of multimodal modeling, and lays a foundation for future research and prac-

tical applications to combat misinformation in modern social media environments. 
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