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Abstract: The spread of information, including fake content and deceptive narratives, has been greatly expedited by the quick
development of social media platforms, especially Twitter. It is a difficult but critical responsibility to detect such misleading
information while also investigating sentiment patterns. This review paper looks at transformer-based unified models that
incorporate sentiment analysis and false tweet detection. Transformer architecture creation, usage in social media analytics,
datasets, methodologies, assessment criteria, and obstacles are all discussed. The study stresses how transformer-based models,
such as BERT, RoBERTa, and XLNet, outperform traditional machine learning algorithms due to their attention mechanisms
and contextual knowledge. Finally, future research directions are discussed, including explainable Al and multimodal learning.
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I. INTRODUCTION
Misinformation, which is defined as false information created with the express intent of misleading readers, includes fake news and
rumours. The term "fake news" refers to intentionally manufactured content that may mislead readers or cause panic when
published or spread. Rumours are unsubstantiated hearsay or information that travels among people. Fake news and rumours are
frequent nowadays. They influence people's everyday lives, alter their emotions, and lead them to believe erroneous
information.Social media sites like Twitter, Facebook, Instagram are crucial tools for socialising as well as disseminating rumours
and news, and they produce a vast volume of information every day[1].
Misinformation is more than just false information; it is a potent force that has the ability to distort perceptions, affect choices, and
upend society. False or incorrect information can alter people's emotions, such as fear, anger, or enthusiasm, when it spreads
(especially through social media sites like Facebook or Twitter). This frequently results in dangerous or irrational behaviour. For
example During the COVID-19 pandemic, false information can create fear and tension among people[2].Artificial intelligence (Al)
programs are capable of producing extremely convincing misleading information that manipulates people's emotions and has a
detrimental effect on society.Therefore, it is necessary to create a single model or architecture that is capable of both sentiment
analysis and the detection of fake information.Fake news identification and sentiment analysis have made extensive use of a variety
of methods, such as machine learning[3], natural language processing (NLP)[4], and deep learning[5].
Although machine learning techniques have been widely used for sentiment analysis, they have a number of intrinsic drawbacks.
Conventional methods like Naive Bayes, Support Vector Machines, and Logistic Regression mostly depend on manual feature
engineering methods like bag-of-words and TF-1DF, which frequently fall short in capturing contextual relationships and semantic
meaning in textual data[6]. Achieving great accuracy in feature extraction is still a major challenge. Additionally, these models
misclassify sentiments in complicated sentences because to their weak comprehension of context, sarcasm, and polysemy.
Additionally, they have trouble capturing long-range connections between words[7].Furthermore, according to[8], machine learning
models frequently exhibit poor generalisation across domains, with models trained on one dataset performing poorly on another
because of differences in language usage. Their efficacy in real-world situations is further diminished by problems like class
disparity and the incapacity to grasp complex emotional expressions. These drawbacks demonstrate the need for more sophisticated
methods for reliable and context-aware sentiment analysis, such as transformer-based models and deep learning. To overcome these
limitations, transformer-based models—such as BERT and RoBERTa—are employed for sentiment analysis and fake news
detection due to their superior ability to capture contextual semantics and long-range dependencies.An integrated algorithm that
integrates false news identification and sentiment analysis provides a thorough knowledge of tweets' validity and emotional tone.
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Il. LITERATURE REVIEW
[9]The effectiveness of transformer-based models for detecting bogus news in Indonesian is evaluated. The study uses accuracy,
precision, F1-score, and runtime performance to evaluate BERT, ALBERT, and RoBERTa. According to the experimental results,
ALBERT's lightweight architecture and parameter optimisation enabled it to achieve the best overall performance, higher accuracy,
and faster execution times. The study successfully demonstrated the benefits of transformer models in interpreting contextual
information for detecting fake news. However, the study's relevance to multilingual and multimodal fake news scenarios may be
limited due to its emphasis on textual analysis and a specific language dataset. Overall, the work provides valuable insights into
successful transformer-based strategies for detecting bogus information.
[10], presentXLNet, a transformer-based model that overcomes the main drawbacks of BERT, including the pretrain—finetune
discrepancy and the incapacity to describe dependencies between masked tokens. By using a permutation language modelling
objective, XLNet is able to capture bidirectional context without hiding input data. In order to efficiently simulate long-range
dependencies, it also incorporates features from Transformer-XL and uses a two-stream self-attention technique. According to
experimental data, XLNet is a reliable and effective method for tasks like sentiment analysis and fake news detection,
outperforming BERT on a variety of NLP benchmarks.
[11] Suggests a refined variant of BERT by enhancing its pre-training method using more extensive datasets, dynamic
masking, eliminating the next sentence prediction task, and extending training periods. The Research shows that ROBERTa greatly
improves performance on standard datasets like GLUE, SQUAD, and RACE, Attaining-edge results while preserving the same
transformer structure asBERT. The Authors Demonstrate that Precise optimization and training methods can enhance contextual
language comprehension without altering the fundamental model structure. Nonetheless, the model demands significant
computational power and extensive training data, potentially restricting its availability for smaller research settings. The article
significantly contributes to NLP by enhancing language representation learning based on transformers.
[12]Proposes a standardised benchmark for tweet classification in order to solve the fragmented nature of social media NLP
research. Sentiment analysis, emotion recognition, hate speech detection, irony detection, offensive language identification, stance
detection, and emoji prediction are among the seven distinct Twitter-specific tasks that the authors present TweetEval, a unified
evaluation framework. The study emphasises how inconsistent evaluation procedures in previous studies make it challenging to
evaluate cutting-edge models across various datasets and workloads. The suggested framework addresses this by offering uniform
assessment measures, mainly macro-averaged F1-score, as well as unified training, validation, and testing divides.
[13]The research gives a complete analysis of false news identification using modern transformer-based models and deep learning
approaches. The authors efficiently analyse numerous methods for boosting misinformation classification accuracy, such as BERT,
CNN-RNN, and RoBERTa-based architectures. One of the paper's most notable features is its detailed experimental analysis of
benchmark datasets and evaluation metrics. The proposed model beats existing machine learning algorithms in terms of both
accuracy and performance. Furthermore, the adoption of explainable Al approaches increases the system's transparency and
reliability. However, the study might look into other challenges, such as multilingual datasets, computational complexity, and real-
time deployment. Overall, the article makes major contributions to fake news detection research and proves the effectiveness of
transformer-based models in combating disinformation on social media platforms.
[14]The study combines sophisticated contextual learning with attention processes to propose an efficient transformer-based
framework for sentiment trend analysis and fake news identification on Twitter. The authors emphasize the limitations of traditional
machine learning algorithms in understanding contextual dependencies and semantic links in social media conversation. The
proposed method increases classification accuracy and contextual comprehension by incorporating transformer topologies such as
BERT and attention-based mechanisms. According to experimental evaluation using benchmark Twitter datasets, the model
surpasses traditional deep learning and machine learning methods in terms of accuracy, precision, recall, and F1-score.The study
also shows how transformers can recognize misinformation indications, sarcasm, and subtle grammatical patterns in phony tweets.
Additionally, the combination of sentiment analysis and fake news detection offers a comprehensive understanding of public
opinion and the dissemination of misleading information on social media platforms. However, the study is limited by its dependence
on textual features and lacks multimodal analysis using images or videos that are often associated with misleading information.
Overall, the study significantly advances the field of disinformation identification by providing a scalable and context-aware
transformer-based approach for social media analytics.
[15]The study "BERT-Based Blended Approach for Fake News Detection"* describes a successful hybrid approach for detecting
fake news on social media that employs BERT-based deep learning models. To improve classification accuracy, the authors
integrate BERT-CNN and BERT-LSTM models using a Bayesian fusion technique.
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The study is well-organised, with evaluation based on benchmark datasets such as UTK and WELFake. Experimental results reveal
that the proposed Bayesian fusion approach outperforms individual models and various existing strategies. The paper's unique
fusion methodology and thorough comparison analysis are significant strengths. However, the study might benefit from more
datasets and a more in-depth discussion of computational complexity.

[16]I1t offers a reliable and methodical way to use transformer topologies to enhance fake news identification. The study is notable
for its thorough ablation analysis, which assesses the role of individual elements including feedforward layers, positional encoding,
and attention mechanisms. This fills a significant void in previous research where models are frequently seen as "black boxes.” The
authors provide a lightweight yet effective design that greatly decreases parameter size while keeping high performance by
combining the best aspects from models such as BERT, RoOBERTa, DeBERTa, and DistilBERT. Across benchmark datasets, the
model exhibits great accuracy; on structured datasets, it performs quite well, and on social media data, it significantly
improves.Furthermore, statistical validation and reproducibility techniques improve the findings' dependability. However, the lack
of multimodal analysis limits its usefulness in more complicated real-world circumstances, and the comparatively lower
performance on the LIAR dataset suggests problems in processing brief and ambiguous remarks. Overall, the study makes a
significant contribution to the creation of effective and scalable NLP-based misinformation detection systems and offers insightful
information about transformer optimisation for fake news detection.

[17]The study *"Enhancing Fake News Detection with Transformer Models and Summarisation™* describes a successful method for
detecting false news using transformer-based models like BERT, RoOBERTa, and XLNet. With an accuracy of 98.39% in identifying
fake news, the study proves RoBERTa's superiority. The use of T5-based text summarization, which significantly lowers processing
costs and training time while maintaining excellent accuracy, is the paper's primary contribution. In-depth experimental analysis
based on benchmark datasets and evaluation metrics is part of the well-organized work. The application of GPT-2 to examine Al-
generated false information is another noteworthy example of transformer models' ability to distinguish between fake and authentic
news. However, the study does not address multimodal deception like visuals or movies and instead concentrates mostly on text-
based analysis. Overall, by showcasing the effectiveness of transformer models in conjunction with summarization techniques, the
work significantly advances the field of fake news detection research.

[18]The research describes a transformer-based method to false news detection that uses advanced contextual language models to
increase classification accuracy. The authors examine various transformer topologies and demonstrate their usefulness in extracting
semantic and contextual information from textual material. According to the experimental data, transformer models outperform
typical machine learning algorithms in terms of accuracy, precision, recall, and F1-score. The study emphasises the value of
contextual understanding in detecting misinformation on social media sites. However, the study is limited to textual elements and
ignores multimodal data such as photos or videos. Overall, the research gives useful information about the use of transformer-based
deep learning models for reliable fake news detection.

[19]The research describes an efficient transformer-based strategy to detecting fake news that makes use of powerful contextual
language comprehension capabilities. According to the findings, transformer models beat typical machine learning methods in terms
of accuracy and contextual interpretation of news information. The authors successfully demonstrate the role of attention
mechanisms in detecting misleading patterns. However, the model focuses mostly on textual data and lacks multimodal analysis.
Overall, the article considerably improves the reliability and scalability of fake news detection systems.

[20]The study *"BERT-Based Fake News Detection: A Transformer-Driven Approach for Misinformation Classification on
Twitter"* describes a powerful deep learning framework for detecting fake news on social media. The study examines various
models such as XGBoost, CNN-RNN, BERT, and RoBERTa + GNN, with the suggested RoBERTa + GNN model achieving the
greatest accuracy of 98.7%. The study is well-structured, with good experimental evaluations utilising benchmark datasets like
FakeNewsNet and PolitiFact. The integration of textual analysis with social propagation aspects, as well as explainable Al
approaches like SHAP and LIME, is a significant strength. However, the paper should expand on computational complexity,
multilingual applicability, and real-time deployment problems. Overall, it is an important contribution to misinformation detection
research, demonstrating the efficacy of transformer-based hybrid models.

[21]An informative summary of how blockchain can enhance security, privacy, and transparency in healthcare systems can be found
in the paper Blockchain Technology for Secure Healthcare Systems. The authors describe how decentralised technology is used to
safeguard medical information and guarantee safe data exchange between healthcare providers. The study is well-organised,
educational, and discusses the advantages and difficulties of using blockchain technology in healthcare. All things considered, it
makes a significant contribution to the study of contemporary medical technology.
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[22]the study *"BERT-Based Fake News Detection: A Transformer-Driven Approach for Misinformation Classification on
Twitter"* introduces a complete and successful framework for detecting fake news on social media. The study examines various
machine learning and deep learning models, such as XGBoost, CNN-RNN, BERT, and RoBERTa + GNN, in order to enhance
misinformation classification accuracy. One of the paper’'s main strengths is its combination of transformer-based text analysis with
Graph Neural Networks, which allows the model to capture both textual semantics and social propagation patterns. The proposed
RoBERTa + GNN model has the maximum accuracy of 98.7%, beating previous techniques. The paper is well-organised and
supported by extensive experimental evaluations of benchmark datasets such as FakeNewsNet, PolitiFact, and Kaggle Fake
News.Furthermore, the employment of explainable Al approaches such as SHAP and LIME increases transparency and
interpretability. However, the study might expand on computational complexity, linguistic flexibility, and real-time deployment
problems. Overall, the article contributes significantly to fake news detection research and proves the efficacy of hybrid
transformer-based systems in countering disinformation.

[23]The research gives a complete analysis of false news identification using modern transformer-based models and deep learning
approaches. The authors effectively compare various approaches to improving misinformation classification accuracy, including
BERT, CNN-RNN, and RoBERTa-based architectures. One of the paper's main features is its extensive experimental study of
benchmark datasets and evaluation measures. The suggested model outperforms existing machine learning methods in terms of
accuracy and performance. In addition, the use of explainable Al techniques improves the system's transparency and reliability.
However, the study could address additional issues such as multilingual datasets, computational complexity, and real-time
deployment.

[24]The research study, Hybrid Neural Network Models for Detecting fraudulent News Articles, describes an effective hybrid deep
learning model for detecting fraudulent Arabic news articles. To boost classification accuracy, the researchers used CNN and Bi-
LSTM algorithms, as well as GloVe and FastText word embedding’s. Experimental results demonstrate excellent performance in
both binary and multi-class fake news identification challenges. The study is well-organised, technically comprehensive, and makes
a substantial contribution to Arabic natural language processing and fake news identification research.
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The comparison analysis reveals that transformer-based models like Bert, Roberta, and Xlnet outperform traditional machine
learning algorithms for sentiment recognition and fabrication.Recent studies concentrate on attention-enhanced models, graph-based
transformers, and hybrid transformer designs to improve accuracy and contextual comprehension.

1. FINDINGS

There are still some substantial research gaps in the body of current literature, despite the fact that transformer-based approaches for
sentiment analysis and false news identification have made significant progress. One major disadvantage is the lack of unified
models that simultaneously do sentiment analysis and bogus tweet identification inside a single framework. Most existing research
takes a distinct approach to both objectives, which increases computational complexity and reduces contextual integration between
content authenticity and emotional polarity. Furthermore, real-time deployment of transformer-based systems is still limited due to
the high computing requirements and latency of large-scale transformer layouts. This restricts their applicability in dynamic social
media environments where prompt detection of fraudulent content is essential.
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Another major problem with transformer models is their poor explainability.Even while BERT, RoBERTa, and XLNet are highly
accurate designs, their decision-making processes often function as "black boxes," making it difficult to interpret forecasts and build
user confidence. Furthermore, present research has not thoroughly investigated multimodal and temporal fusion models that
effectively integrate textual, visual, and temporal data for enhanced misinformation analysis. Since photos, videos, and evolving
patterns are often used in the dissemination of fake news on social media, relying just on textual components lowers detection
efficiency. Moreover, dataset bias and domain adaptation issues continue to affect model generalization. Moreover, dataset bias and
domain adaptation issues continue to affect model generalization.

V. PROPOSED RESEARCH GAP
To overcome the limitations of existing fake news detection techniques, this research proposes a Hybrid Unified Transformer Model
with Explainability for detecting phony tweets and analyzing sentiment trends on Twitter. Graph Neural Networks (GNNSs),
multimodal data fusion, explainable Al techniques, and transformer encoders such as ROBERTa and DeBERTa are all combined in
the proposed framework. The algorithm increases processing efficiency and accuracy by simultaneously classifying sentiment and
identifying fraudulent tweets using shared contextual representations. All things considered, the proposed framework provides real-
time social media analysis with a high-performance, scalable, and understandable solution.

V. CONCLUSION

Transformer-based unified models' increased ability to capture contextual semantics, linguistic relationships, and hidden patterns
inside social media text makes them a significant advancement in the fields of sentiment analysis and fraudulent tweet identification
on Twitter. Transformer architectures like BERT, RoOBERTa, and XLNet employ self-attention mechanisms to comprehend the
contextual relationship between words, in contrast to conventional machine learning and deep learning techniques. This enables
more precise detection of fake information and emotional polarity in tweets.By concurrently identifying fake news and categorizing
sentiment using shared representations, multi-task learning increases model efficiency by decreasing redundancy and boosting
generalization capacity. Additionally, transformer-based models can handle noisy and unstructured Twitter data that includes caustic
words, hashtags, abbreviations, and emojis—all of which are difficult to process with conventional techniques.

Future studies should therefore concentrate on developing multimodal, scalable, and explainable transformer-based systems that can
perform sentiment analysis and real-time misinformation detection. While multimodal learning frameworks that integrate textual,
visual, and temporal input can significantly increase detection accuracy and resilience, Explainable Artificial Intelligence (XAI)
techniques like SHAP and LIME can enhance model transparency and user confidence. Additionally, the application of Large
Language Models (LLMs), federated learning, and Graph Neural Networks (GNNs) may improve cross-domain adaption,
propagation analysis, and contextual comprehension. These advancements will aid in the creation of social media monitoring
systems that are more practical, intelligent, dependable, and efficient.
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