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					Abstract—The rapid growth of online media platforms has led to the widespread spread of misinformation, resulting in an  

					important issue which is to correctly categorize fake news to inform citizens effectively, to be a significant issue in the fields of  

					natural language processing (NLP), and social media. Within NLP, deep learning models have become a standard and effective  

					methodology. These models can learn rich linguistic and contextual representations with large datasets. Here contributes a  

					comparative analysis of several Deep Learning model architectures for the identification of fake news: Convolutional Neural  

					Networks (CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM) and transformer-based models like  

					BERT. Also compare all models based on fake news detection datasets and measures, and present their outcomes in terms of  

					accuracy, precision, recall, F1-score, and overall computational efficiency. The analysis revealed the transformer-based models  

					offered the best performance in academic literature due to their contextual awareness in classification, while the RNN and CNN  

					models proffered the best computational efficiency and training times. These findings to highlight the respective advantages and  

					disadvantages that shed light on useful design approaches for the development of effective and operationally efficient fake news  

					detection systems for academic and practitioners alike.  

					Keywords—Fake News Detection, Deep Learning, Natural Language Processing, Fake News Classification, Transformer Models.  

					I. Introduction  

					In the current digital age, rely on the internet and social media to change how information is produced, shared, and received. Billions  

					of individuals can now acquire information via platforms such as Facebook, Twitter (X), Instagram, and online news websites,  

					instantaneously. Fake news generally describes fabricated information, or misleading information portrayed to be legitimate news  

					that is not true journalism. Fake news has become an issue that concerns society, its implications may influence public opinion,  

					shape political discourse, and even impact world history. The ramifications can, and has resulted in not just mistrust in journalistic  

					institutions, but violence, recessional economies, and pandemics. Accordingly, must research and develop trustworthy and scalable  

					methods for the detection of fake news. Dirty detections of fake news rely on pervasive use of high-temperature rule-based  

					techniques, statistical models, and trick investigations. While these methods have merits; each demonstrate fatigue in dealing with  

					the never-ending influx of new online misinformation, requiring direct human labour and are not as comprehensively scalable, due  

					to the extreme volume and velocity of shared content on social media platforms. For this reason, machine learning has been  

					demonstrated usefully for fake news classification tasks, particularly supervised classifiers, which include Support Vector Machines  

					(SVM), Decision Trees, and Naïve Bayes. Even though these techniques exhibited advances over the rule-based systems by utilizing  

					linguistic and stylistic mannerisms, they were still limited in their ability to model the underlying complex semantics, contextual  

					dependencies, and long-distance correlations of news articles and social media text. The rise of deep learning has opened new  

					directions for addressing many of these challenges. In recent years, deep learning models being able to automatically learn  

					hierarchical feature representations directly from raw data, have demonstrated considerable success in many NLP tasks, such as  

					sentiment analysis, machine translation, and text summarization. In the fake news detection problem, deep learning models are  

					capable of capturing complex textual patterns, semantic features, and even multimodal features when considering images, videos,  

					or metadata. Deep learning models' ability to automatically extract features can further make them more appealing than traditional  

					approaches, which tend to rely on hand-crafted features. There are a number of deep learning architectures which have been applied  

					to the fake news detection problem, and each has its own benefits and drawbacks. While Convolutional Neural Networks (CNNs)  

					have traditionally been popular models to process images, they have been adapted for text classification in extracting n-gram local  

					features to identify detect patterns associated with misinformation. Nandan et al. [1] proposed a framework for real-time fake news  

					detection utilizing deep learning methods and showed that they were able to effectively identify other textual patterns associated  

					with misinformation utilizing Convolutional Neural Networks (CNN). Recurrent Neural Networks (RNNs) and their more advanced  

					form, Long Short-Term Memory (LSTM) networks, offer great promise for modelling sequential dependencies and capturing  

					temporal syntactic and semantic structure in the flow of textual data. More recently, the emergence of transformer-based  

					architectures, including Bidirectional Encoder Representations from Transformers (BERT), has reshaped the NLP landscape and  

					provided powerful contextual embeddings that capture dependencies in both directions, leading to new state-of-the-art results in a  

					variety of classification tasks. These advancements launch important questions regarding the degree to which the accuracy,  

					efficiency, and generalizability of different deep learning models support their adoption for fake news detection. Despite a number  

					of efforts, detecting fake news remains a challenge due to multiple considerations. First, fake news is designed to look like real  

					news, rendering a deceptively surface-level classification task. Second, the language of misinformation is highly diverse, with  
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					different language appearing in different domains of misinformation. For example, the language of misinformation in political posts  

					is different from the language of misinformation in health, economics, or entertainment posts. Thirdly, multimodal misinformation  

					poses additional barriers to the detection process as misleading text and images or video may show up together or captions may  

					provide an explanation of the image or video. Additionally, scalability and computational efficiency must be considered when  

					deployment occurs in a real-world platform where millions (or billions) of posts can be made every second. Each of these challenges  

					highlights the validity of comparative studies and systematic evaluations of different deep learning approaches in the literature on  

					fake news detection. In particular, this study provides evidence on widely used deep learning architectures for fake news detection.  

					In particular, this study provides a systematic evaluation of widely used deep learning architectures for fake news detection,  

					providing empirical considerations of their relative performance. Secondly, it emphasizes the contexts under which simpler models,  

					such as CNNs and RNNs, may be preferable in terms of costs in their computation with a lower impact on accuracy than transformer  

					models. Similarly, Benaouda et al. [2] compared CNN models against traditional machine learning classifiers and noted that CNNs  

					outperformed the classically-based machine learning in both accuracy and reliability for fake news detection tasks. Thirdly, the  

					paper presents future directions in fake news detection such as multi modal learning, cross-lingual adaptation and explainable AI  

					which are increasingly relevant to counteract misinformation at a more global level.  

					II. Literature Review  

					The growth of online content has increased the dissemination of misinformation, establishing the detection of fake news as a vital  

					area of research. Recently, it has been highlighted that machine learning and deep learning approaches can be employed as techniques  

					to expertly recognize fake news articles. Evolutionary ensemble deep learning approaches have emerged as potential alternatives.  

					Kaushik and Nadeem [3] presented an ensemble framework compatible with multiple deep learning models for fake news detection,  

					demonstrating an enhancement in robustness and generalization versus a standard approach over a variety of datasets. Similarly,  

					Khelil et al. [4] analysed fake news in Arabic, studying an array of deep learning strategies, while noting distinctive challenges that  

					non-English languages encounter – including limited annotated datasets and morphological complexity. While deep learning models  

					are on the rise, classical approaches in machine learning also produce useful improvement in the performance of detection. Tamang  

					et al. [5] described a random forest approach that uses feature importance to categorize fake news and legitimate news. The authors  

					concluded that ensemble tree methods can compete when combined with customized feature engineering. Dongre and Kalaiarasi [6]  

					described and examined hybrid frameworks that utilize multivariate feature selection combined with deep learning, showing that  

					hybrid frameworks better exploit complementary information from text, metadata, and social contexts to improve classification  

					results. Comparison studies have illustrated differences in performance between machine learning models and deep learning models.  

					For example, Roslan et al. [7] compared multiple machine learning models (SVM, logistic regression) against multiple deep learning  

					models (LSTM, CNN), and reported that the deep learning models consistently produced greater precision, recall, and F1-scores. In  

					a similar vein, Brinda et al. [8] employed an array of heterogeneous deep learning architectures to detect the emergence of fake news  

					on social media, addressing the complex issues of concept drift and temporal dynamics associated with online misinformation. At  

					the same time, applications of pre-trained transformer models (e.g., BERT) in improving contextual understanding of text have  

					emerged. Davis et al. [9] showed that BERT-related models generally produce better results for features associated with semantic  

					and syntactic structure, proving useful for detecting fake news on an hourly basis. In addition, Saha and Puthran [10] conducted an  

					extensive review and devised a new framework for fake news detection based on content, propagation, and user features that  

					emphasized multi-dimensional feature analysis to improve performance. More recently, initiatives extending fake news detection to  

					other areas such as online and sentiment analysis has emerged. Sharma et al. [13] and set of others used machine learning models  

					and the LDCP model suggested by Mercy et al. to recognize fraudulent reviews on e-commerce and social media platforms  

					respectively, demonstrating that techniques associated with fake news detection may help in bounded applications. Further, Kumar  

					and Tomar [15] examined and developed hybrid detection models based on some combination of classical classifiers and deep  

					learning that improved performance within news articles and on social media posts. Overall, the literature embraces a clear trend  

					toward hybrid and ensemble deep learning approaches, with and without feature selection, alongside the use of transformer models  

					and adaptations based on context or data source. These studies further indicate the need for robust, scalable, language-independent  

					frameworks to support real-time detection of misinformation across multiple social media platforms.  

					III. Proposed Methodology  

					The proposed methodology for this study is purposefully designed to evaluate the performance of multi-deep learning models for  

					the classification of and detection of potential fake news. The methodology is framed around a five-stage framework: dataset  

					collection and preprocessing; feature representation; model selection and architecture design; training and evaluation; and  

					performance discussion. Each of these are significant to evaluate equivalent comparisons and thereby produce reproducing of  

					results. Fig. 1. discusses the approaches to the detection of fraudulent reviews and news. It is at this point, and before moving on to  

					the next stage of models it should be noted that this is a comparative exercise which seeks to demonstrate deep learning approaches  

					are more powerful than older methods, in terms of performance and necessity of systems.  
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					Fig. 1. Fake Review and News Workflow  

					1. Collection and Preprocessing of Datasets: This research utilizes benchmark datasets, frequently used in fake news detection  

					research. These datasets include publicly available datasets such as LIAR, FakeNewsNet, and Kaggle's Fake News dataset, and  

					contains labelled news articles and social media posts from varying domains (i.e., politics, health, entertainment). Here split the  

					datasets are into training, validation, and testing subsets for all datasets to avoid data leakage and guarantee unbiased evaluation.  

					Preprocessing processes are conducted to clean and standardize the text data. Preprocessing includes removal of stopwords,  

					punctuation, and special characters, tokenization, lower casing, and lemmatizing. In addition, noise reduction includes filtering  

					URLs, hashtags, and mentions in social media posts. For transformer-based models, text sequences are tokenized using the  

					appropriate model-specific tokenizer (i.e., the BERT tokenizer) to produce input embeddings.  

					2. Feature Representation: The study examines both traditional words embedding techniques and contextual embeddings. For the  

					CNN, RNN, and LSTM models, pre-trained word embeddings, including GloVe or Word2Vec, are used to produce dense vector  

					representations of words that encapsulate their semantic meaning. For example, the transformer-based models include BERT, which  

					produces contextual embeddings that encode salient semantic and syntactic features bi-directionally to understand the context  

					around each word in the sentence.  

					3. Model Architectures: The research studies several deep learning architectures that possess their unique advantages for  

					classifying fake news content. Convolutional Neural Networks (CNNs) can be modified for text by applying convolutional filters  

					to high-dimensional word embeddings to extract local patterns that could include key phrases or local n-grams indicative of fake  

					news. These features are then pooled and usually summarized, and are again operated on by fully connected layers that classify the  

					text as fake or real. Recurrent Neural Networks (RNNs) are a type of architecture designed to capture the sequential dependencies  

					that occur in text. RNNs realize this by maintaining hidden states that are preserved over the entire input sequence, capturing the  

					sequential flow of information in the data. To address some limitations of standard RNNs, like vanishing gradients, Long Short-  

					Term Memory networks (LSTMs) are used to model the sequence. LSTMs can extract long memories of dependencies in sequences  

					of text. In these cases, Bidirectional LSTMs (BiLSTMs) also can be used to consider objects present in the past, as opposed to only  

					taking one direction into consideration. Finally, there are Transformer models, most notably BERT, that allow for a model to  

					generate deep contextual embeddings for each object by attending to all other objects in the sequence in a bidirectional fashion. By  

					applying pre-trained BERT with a classification layer to capture order within the fake news articles or not, and by fine-tuning the  

					BERT model, the BERT model can use a fine-tuned knowledge of fake news selections on small resistances with mild complexity  

					on selected structured dataset.  

					4. Training and Evaluation: The models, consistent with principled research practices, were trained for fair comparison using  

					identical splits of the datasets. Distinct splits of the dataset were designated for training, validation, and testing. Hyperparameters  

					of each model were tuned using grid search or random search, including hyperparameters such as learning rate, batch size, number  

					of layers, and dropout. Regularization techniques and early stopping were used throughout training, as appropriate, to support  

					overfitting prevention and facilitate generalizability. Assessment included several metrics used in combination: accuracy for overall  

					correctness, precision for correctness of predicted fake news, recall for the model's ability to detect all true instances of fake news,  

					and F1-score for trade-off between precision and recall. In addition to performance metrics, computational efficiency is a noted  

					aspect for analysis (including training and inference times, for future implementation analysis) in addition to the model assessments  

					including performance metrics.  

					5. Comparative Analysis: After training and assessment, the models will be compared systematically against assessment metrics.  

					Based on the performance of the models, transformer-based architectures such as BERT would be expected to achieve higher  

					accuracy and F1-scores relative to CNNs and RNNs due to the architecture's ability to systems deep contextual weight in the overall  

					understanding of the models. CNNs/RNNs may have a faster training time than transformer-based models and a lower  

					computational expense making them viable in constrained settings (given enough sequential training). The analysis of the models  
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					will expose the trade-offs between performance and efficiency, which facilitate play for makers, researchers, and practitioners (at  

					later stages of development) to select an appropriate model for specific applications based on intended use.  

					IV. Result & Analysis  

					In this section, the experimental results obtained from testing the convolutional neural networks (CNN), recurrent neural networks  

					(RNN), long short-term memory(LSTM), and bidirectional encoder representation from transformers (BERT) deep learning models  

					on the benchmark fake news datasets. The same splits of the dataset were utilized for training and testing of the modes, and the  

					models were evaluated using several metrics to have a thorough comparison of performance and computing power. The  

					experimentation was conducted utilizing the benchmark datasets of LIAR, FakeNewsNet, and the Kaggle Fake News dataset that  

					used media articles from several domains such as politics, health, and entertainment, that contain labeled news articles and social  

					media posts. The data was thoroughly preprocessed for consistent and quality assurance. Preprocessing consisted of tokenizing the  

					data, lowercasing, lemmatizing, and removing punctuation, special characters, URLs, hashtags, mentions, etc. The CNN, RNN, and  

					LSTM models used pre-trained word embeddings like GloVe to convert text based data into dense vectors that we can use to capture  

					meaning. The BERT models used their native tokenizers to create contextual embeddings for each input sequence and provide  

					stronger semantic and syntactic meaning bidirectionally. Each dataset was split between training, validation, and testing using the  

					representation of a 70-15-15 ratio for random sampling. Hyperparameter tuning for all the models was accomplished using grid  

					search or random search to find the best hyperparameters for learning rate, batch size, hidden layers, dropout ratio, and the best  

					sequences length for ablation analysis. Dropout and early stopping based models were completed to prevent overfitting and increase  

					generalization based outcomes. All experimentation was completed using Python code running with TensorFlow and PyTorch  

					backends on a workstation that included an NVIDIA GPU for fast compute and reproducibility. The models were trained until  

					convergence or early stopping criteria were met, and then, were assessed on a hold-out test set using accuracy, precision, recall, F1-  

					score, and computational reflective efficiency to provide insight across several metrics on classified performance. In a study such  

					as this, the operational contingent configuration provides a fair – and consistent – comparator for associated CNN, RNN, LSTM,  

					and BERT models while also providing clarity for performance, as well as practical ability to perform in real-world applications of  

					fake news detection.  

					1. Accuracy: Accuracy indicates the overall accuracy of the model when classifying news articles as either fake or real based on  

					the ratio of class instances that are predicted and total classified class instances. Within the confines of this study, accuracy indicates  

					each of the model’s individual performance relative to the entire dataset. High accuracy reflects that the model can discriminate  

					between false and real news articles more accurately, whilst low accuracy reflects that the model has a higher misclassification rate.  

					Of the models assessed, would expect transformer-based models such as the BERT model to achieve the greatest accuracy because  

					it is able to model based on context. CNNs, RNNs, and LSTMs would demonstrate moderate performance to model architecture  

					and ability to model extract semantic patterns in a sequential fashion. In TABLE I. illustrate that BERT gained the highest accuracy  

					based on parameters of deep contextual understanding, LSTM established a higher accuracy when compared with RNN and CNN  

					because they can capture long-term dependencies. Finally, CNN demonstrated the lowest overall accuracy established by longer  

					computational times.  

					Accuracy of Deep Learning Models for Fake News Classification  

					Model  

					Accuracy  

					CNN  

					0.84  

					0.85  

					0.87  

					0.92  

					RNN  

					LSTM  

					BERT  

					Fig. 2. Accuracy of Deep Learning Models for Fake News Classification  
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					2. Precision: Precision is the ratio of fake news articles that have been predicted, that is correct. Precision is especially important  

					in the case to minimize false positives (predicting real news labeled as fake). Precision suggests that model has high confidence in  

					that its prediction is fake news and rarely mistakes real news as fake. Precision provides a companion to recall, emphasizing the  

					dependable judgement of reported predictions. TABLE II. precision measures the correctness of predicted fake news. It may be  

					inferred from the data that BERT outperforms the other models, meaning it performs well or is more inclusive of truth in the  

					judgement minimizing false positives. LSTM and RNN clock moderate precision, while CNN is rated low. The data suggests that  

					lower precision could include possible misclassifications of fake news due to the simplistic nature of its architecture. Fig. 2.  

					Accuracy from the models compared show CNN (0.84), RNN (0.85), LSTM (0.87), and BERT (0.92) with BERT mentioned  

					highest.  

					Precision of Deep Learning Models for Fake News Classification  

					Model  

					CNN  

					Precision  

					0.82  

					RNN  

					0.83  

					LSTM  

					BERT  

					0.85  

					0.91  

					Fig. 3. Precision of Deep Learning Models for Fake News Classification  

					3. Recall: Recall measures how much of the actual fake news articles the model got right. Recall is important to make sure most of  

					the misinformation is detected, which is important, and that may mean other real news may have been missed. A model with a high  

					recall shows the model does a good job at capturing most fake news articles. In this research study, BERT has the highest recall  

					because of its bidirectional attention mechanism and deeply semantic meaning understanding. This is to say, the BERT outperforms  

					the CNN models simply due to the CNN limited contextual modeling. Recall and precision together help to provide a balanced  

					view on how well the model performs in detecting fake news. TABLE III. displays the model's potential to detect all fake news  

					instances. Once again, BERT had the highest recall and captured most of the fake news articles. LSTM had a good recall rate while  

					CNN had limitations in capturing all instances due to the CNN focus on local patterns in terms of fake news when sequencing in  

					sequential text. Fig. 4 demonstrates precision of CNN (0.82), RNN (0.83), LSTM (0.85), and again BERT (0.91), showing BERT  

					achieves the highest precision.  

					Recall of Deep Learning Models for Fake News Classification  

					Model  

					CNN  

					Recall  

					0.8  

					RNN  

					0.81  

					0.84  

					0.9  

					LSTM  

					BERT  
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					Fig. 4. Recall of Deep Learning Models for Fake News Classification  

					4. F1-Score: The F1-score is the harmonic mean of precision and recall and allows us to see how well the model makes a tradeoff  

					of having a good balance between the false positive and capturing all the fake news articles. It is a good evaluation metric for  

					imbalanced datasets, which are typically the case for fake news datasets. A high F1-score means can assume that the model does a  

					good job of achieving high precision, while at the same time not sacrificing recall in varying degrees. For the study, BERT has the  

					highest F1-score, which indicates that the model has performed overall better. LSTM and RNN have a moderate score and CNN  

					are faster, but has slightly lower F1-scores. TABLE IV A given model is good at trading off precision and recall into a single metric.  

					BERT is the highest F1-score indicating it has superior classification ability in general. LSTM and RNN are also competitive, while  

					CNN scores lower due to its simplicity. Fig. 5. demonstrates recall scores for CNN (0.80)), RNN (0.81), LSTM (0.84), and BERT  

					(0.90) showing that BERT captures the highest instances of fake news classification.  

					F1-Score of Deep Learning Models for Fake News Classification  

					Model  

					CNN  

					F1-Score  

					0.81  

					RNN  

					0.82  

					LSTM  

					BERT  

					0.84  

					0.91  

					Fig. 5. F1-Score of Deep Learning Models for Fake News Classification  

					5. Training Time: Training time is representative of the time and computational resources used to train each model until  

					convergence. Although the transformer-based models, such as BERT, achieved the best accuracy and F1 scores, they required  

					significantly more time and GPUs to do so. CNNs, because of their simpler architecture and ability to be highly parallelized and  

					trained much faster, with RNNs and LSTMs requiring sequential computation and the longest training time. This metric is used to  

					assess feasibility for the deployment of these models in real-life settings where computational efficiency will need to be prioritized.  

					CNN trained in the shortest time, as each convolution can be done in parallel. RNN and LSTM trained longer as it requires sequential  
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					computation. BERT had superior accuracy but also required the highest computational resources highlighting the trade-off between  

					performance and efficiency is illustrated in TABLE V. Fig. 6. depicts the F1 score of CNN (0.81), RNN(0.82), LSTM(0.84) and  

					BERT (0.91) with BERT achieving the highest F1 score. Fig 6. illustrates the training time in seconds which are CNN (120 s), RNN  

					(150 s), LSTM (220 s), and BERT (450 s) showing BERT takes the longest.  

					Training Time of Deep Learning Models for Fake News Classification  

					Model  

					CNN  

					Training Time (s)  

					120  

					150  

					220  

					450  

					RNN  

					LSTM  

					BERT  

					Fig. 6. Training Time of Deep Learning Models for Fake News Classification  

					The comparative analysis reveals that transformer-based models, particularly BERT, are better for fake news detection because  

					they can understand deep context and more complex semantic patterns. However, the disadvantage of transformer models is that  

					they require significantly more compute time, and therefore deep learning models may be better suited for a resource constrained  

					environment, utilizing CNN or LSTM models that can balance compute time with reasonable accuracy. The results also indicate  

					that there may be future improvements in fake news detection using a hybrid approach that involves other multimodal features (e.g.,  

					using images, videos, or metadata) and also leveraging transfer learning to improve generalization across domains and languages.  

					V. Conclusion  

					This paper has presented a comparison of various deep learning models for classifying fake news. The paper provided evaluations  

					of CNN, RNN, LSTM, and BERT models using benchmark datasets. From the experiments, it was shown that transformer-based  

					models performed the best across all measurements, displaying accuracy (92%), precision (0.91), recall (0.90), and F1 scores (0.91)  

					that could be attributed to transformer models' ability to model deep contextualized and semantic relationships in text. Though  

					LSTM networks performed well in learning sequential information, they were still limited in other metrics. RNN and CNN models  

					performed moderately, but often trained quickly. The analysis demonstrated that ambiguous, sarcastic, or partially true news articles  

					were difficult for every model, which demonstrates the complexity of detecting fake news in the wild. The last section of the paper  

					discusses future work and outlines many future work opportunities for further improving a fake news detection system. Introducing  

					some form of explainable AI could provide reasoning for how models come to their conclusions about why the article may be  

					classified a certain way, which could be useful for the user and policymaker stakeholders. Future work may also include looking  

					into various options for more lightweight transformer variants or hybrid architectures to improve accuracy but provide enough  

					efficiency to be used in low-resource situations.  
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