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Abstract 
Nowadays, the spread of fake news represents a 

growing problem. To overcome this issue, it is essential 

to develop effective fake news detection systems. In this 

paper, we augment the process of fake news detection 

using GPT-2 alongside Convolutional Neural Networks 

(CNN) or Long Short-Term Memory (LSTM) networks. 

We use a dataset from Kaggle comprising real and fake 

news articles. We compare the performance of the 

existing state-of-the-art real and fake news detection 

algorithms with our proposed hybrid model in Table 1. 

We blend GPT-2, known for contextual understanding, 

with either CNN or LSTM networks to capture more 

syntactical and semantic features from news articles 

and outperform the baseline algorithms. The 

preliminary results show that our hybrid model 

outperforms all the baseline algorithms in detecting real 

from fake news. By mixing generative pre-trained 

transformers with traditional deep learning models, the 

robustness of misinformation detection systems can be 

significantly enhanced. 

 

Keywords: Fake News Detection, GPT-2, Hybrid 

Model, Deep Learning, Misinformation. 

1. Introduction  

Today, the utilization of what is known as fake 

news and misinformation has become one of the most 

severe challenges of different societies around the 

world. Fake news can be defined as the use of 

information that is already understood to be lies as well 

as the dissemination of fake or misleading information 

in a format that the users may regard as news (Park & 

Chai, 2023). This problem has been prevailed by the 

current use of internet and the availability of social 

networks like Facebook, Twitter, Instagram and many, 

which gives room for fake stories to prevail. The 

‘algorithm’ used by these sites encourages the 

publishing of content most likely to produce 

‘engagement’, not content which shows a factual 

backdrop Unlike what should be the case, large-

spectrum fiction dominates these platforms (Xu & 

Kechadi, 2024). 

It has been seen that fake news has some 

detrimental effects. It affects politics and thus essential 

processes of a democratic society (Almarashy, Feizi-

Derakhshi, & Salehpour, 2023). For example, fake news 

undoubtedly affects the outcomes of an election. It has 

the authority to determine how the public views 

contenders who vie for an election. It can also impact on 

the nature of the elections held in the country and even 

on the international level. During the Covid-19 

pandemic, there was a lot of misinformation circulating 

on social media about issues concerning Covid-19 itself 

– its origin, cure, and vaccines. While this source could 

have easily been dismissed as fake news, the many 

instances of reckless and volatile behavior that ensued 

are clear indications of the future threat posed by fakery. 

The previously mentioned phenomenon is great at 

influencing political processes and, consequently, the 

state of public health. For example, false statements in 

the political fields may produce significant shifts in the 

tone-deaf populace and shape stock exchanges, deepen 

social rifts along half-real borders—us and them—and 

undermine the believability of established organizations 

and medias (Seddari et al., 2022). 

This is also true, probably because the current 

disinformation campaigns are not ordinary and can 

easily be spotted. Camouflage, where fake news pieces 

emulate authentic news, typical in normal reporting. 

This means that detection will require more than 

investigations – the techniques used in the spread of fake 

news evolve, so too will the methods of detection 

(Kong, Wong, Juwono, & Apriono, 2023). Although 

fact checking is a valuable and worthwhile exercise, 

real-time detection can be a challenge since it involves 

heavy resource consumption. 

To address these issues, researchers have been 

training a variety of automated tools for fake-news 

detection that uses machine learning and NLP to 

identify the cues for dishonesty in a text with the help of 

algorithms. Some of the most famous open models in 

this context are BERT as well as its more recent 

derivatives, RoBERTa and XLNet. BERT is a 

significant advancement for NLP. Since the model reads 
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the text from right to left in addition to the left to right, 

which makes it easier for it to distinguish real from fake 

news (Ravish, Katarya, Dahiya, & Checker, 2022). 

RoBERTa, in turn, builds on BERT’s work and makes 

the training process even better, and widens the length 

of the input sequences. In addition to improving on 

BERT’s prominent features, XLNet articulates 

sentence-level permutations, which helps it generate 

better performance when it comes to handling multiple 

clause sentences (Li, Guo, Wang, & Zheng, 2021). 

Another critically significant development is the 

application of CNNs for text categorization. FastText is 

Facebook AI’s specific method on text classification 

using word embeddings that retain meaning and is best 

used on CNNs, which, at this time, can only classify if 

CNNs see or discern certain patterns and structures of a 

text. The LSTM networks are used to take advantage of 

temporal relations and dependencies, which is crucial, 

for instance, to identify the information about the 

narrative structure that is so characteristic of fake news 

(Koru & Uluyol, 2024). 

Our paper will integrate GPT-2 with classical deep 

learning modules like CNNs or LSTMs since in the 

latter case, a connector can be applied. GPT-2 is an 

example of an OpenAI tool that uses its enormous 

training to obtain highly coherent text (Altheneyan & 

Alhadlaq, 2023). Here, GPT-2 is employed to create 

contextual embeddings of the news article vectors, then 

converted to CNN or LSTMs. CNNs can pick features 

on the local level and structures, while LSTMs can 

capture both dependencies and the order of word 

sequences in given text. This way, it helps to use the 

advantages of both methods, through the Roots of both 

of which lead to a more accurate, though slower 

detection of fake news. Thus, fake news is a relatively 

young phenomenon, with significant social 

implications. Modern advancements in the Machine 

learning and Natural language processing have received 

a lot of benefits from the formulation of such models, 

including BERT, RoBERT, and XLNet for fake news 

detecting (Zamil & Charkari, 2024). This combined 

model with GPT-2, and various filtering mechanisms 

(CNNs or LSTMs) appears to be useful to improve the 

detecting capacity. Because the misinformation 

phenomenon constantly changes every day, there will 

always be a need for research and development for a 

better filter.  

2. Related Works 

Fake news detection was made a theme of news 

articles, and there were numerous articles in the News 

that discussed new ways of handling fake news. We 

need to focus on the main steps and their shifts 

throughout the years concerning this issue. Now, let us 

consider the main directions in more detail. 

The preceding strategies applied to employing 

machine learning technology exclusively with the 

addition of EM, NLP (Jiang, Li, Haq, Saboor, & Ali, 

2021). Previous methods used feature extraction 

methodologies such as the bag of words and TF-IDF that 

transform news articles into numerical features 

(Hashmi, Yayilgan, Yamin, Ali, & Abomhara, 2024); 

these numerical features were then input into classifiers, 

including logistic regression, Support Vector Machines 

(SVMs), and decision trees to differentiate between fake 

and real news. 

Later, complicated language models emerged to 

boost the fake-news-detection performance of BERT. A 

state-of-the-art approach which has been applied 

recently, uses Recurrent Neural Networks (RNNs) and 

an extended version of this type of network known as 

Long Short-Term Memory (LSTM) networks, which 

are designed to process text sequences and to consider 

long-range dependencies. This, in turn, we felt is more 

befitting in capturing the complex structure of an article, 

which had reflected in improved detection accuracy 

(Jiang, Li, Haq, Saboor, & Ali, 2021). 

As seen before, they are also the breakthrough of 

transformer-based models in domains like NLP and fake 

news detection. There was another model named BERT 

(Bidirectional Encoder Representations from 

Transformers), which could perform bidirectional 

context (Gururaj, Lakshmi, Soundarya, Flammini, & 

Janhavi, 2022); it implies a pre-singling capacity when 

it comes to comprehension of insights into language. As 

for a BERT model for automatic fake news detection in 

training, it has a mechanism of self-attention that allows 

considering the contextual relations between the words 

in both directions, owing to which the necessary 

distinctions of fake and real news articles can be 

detected much more accurately. 

Then, the other models emerged, such as RoBERTa 

and XLNet. RoBERTa enhanced BERT by eliminating 

Next Sentence Prediction (NSP) while training on larger 

sequences of text at once in larger batches (Umer et al., 

2020). However, through the permutation-based 

training, XLNet has good performances on various 

linguistic tasks, for instance, fake news detection better 

captures longer arrangements of sentences over the 

original BERT architecture (Gupta, Mathur, Bansal, & 

Goyal, 2022). 

Another improvement in the detection of fake news 

was achieved by combining Convolutional Neural 

Networks (CNNs) with text classification methods: 

Facebook AI Research created the software called 

FastText that enables fast text classification through 

word vectors, models that work with real numbers that 

capture the meaning of any specific word more than 
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literally, through several dimensions of a vector. Word 

embeddings match well with CNNs that measure the 

prevalence of features, or hierarchies, in data (Ashish, 

Arora, Hemraj, Rana, & Gupta, 2024). 

Another way is to use all or some models like a 

combination of transformer models, including BERT 

and CNN & LSTM in progression, such that the output 

of these combined models depends on the strength of the 

different parts among the different methods to be more 

precise (Nirmala & Navya, 2024). Another such model 

is GPT-2 (Generative Pre-trained Transformer 2), which 

is very promising (since it has the facility of producing 

contextual information that could be used to supplement 

CNNs and LSTMs for better detection of fake news). 

We provide a cross-sectional comparison of the current 

state-of-the-art real and fake news detection algorithms 

against the proposed two-model hybrid architecture. 

The models compared here, including BERT, 

RoBERTa, XLNet, FastText+CNN, and the proposed 

GPT-2 + CNN or LSTM, vary significantly in 

computational, communication, and control aspects. 

BERT, RoBERTa, and XLNet are transformer-based 

models with high computational demands and static 

configurations, making them suitable for cloud 

integration but offering limited flexibility in 

architecture. FastText+CNN, on the other hand, offers 

moderate computational requirements and more 

configurability in feature extraction and CNN 

parameters, but has limited cloud integration. The 

proposed GPT-2 + CNN/LSTM hybrid model combines 

transformer-based encoding and deep learning 

techniques, offering greater flexibility, communication 

requirements, and cloud integration potential, making it 

adaptable for scalable environments as shown in Table 

1. 

Moreover, the detection performance of these kinds 

of methods has been enhanced by ensembles, in other 

words, by using the predictions or results of multiple 

models. This is because by calculating the average of 

these different models, its efficiency can be boosted, as 

well as the error margin. They are optimally designed to 

produce continuous and very high levels of fake news 

(Tian & Baskiyar, 2021). 

However, there is also work that has reached the 

network level by following the flow of news in the 

various social networks with the aim of filtering out non 

truthful news (Chauhan, Upadhyay, & Vaidya, 2023). 

This extends the use of text not only in the words that 

are said passing through the news and passed on from 

users to news services and from one news service to 

another, but also in the manner in which the messages 

are passed around. These advancements are being 

undermined by the emergence of new strategies of 

misinformation that require frequent revising of the 

detection algorithms, and by possibly skewed and 

partial datasets for training, which may influence how 

the new model fits into the detection of that fresh kind 

of fake news. 

Therefore, it is found that the incorporation of a 

deep learning model has improved the efficiency of fake 

news detection in machine learning techniques. 

However, fake news datasets are massive and have huge 

loads on them as well, and these have constant updates, 

reasonably helping improve the grooming of fake news 

detection systems significantly. 

Table 1. Comparison of State-of-the-Art Works and 
the Proposed Model 

3. Methods/Methodology 

This work proposes a deep learning model for 

detecting fake news that populates a generative feature 

extraction mechanism, accompanied by a classification 

system. The architecture of the proposed model is 

explained in the following section using the aid of the 

following Figure 1. The presented framework is 

introduced with several successive stages. The first 

stage established an understanding of the problem under 

study and the overall research goal and ambitions (Sect. 

3.1). The second stage describes the reasons for the 

selected hybrid approach (Sect. 3.2). The third stage 

outlines the system architecture and how different 

modules within the system will communicate which is 

explained in (Sect. 3.3). The fourth stage describes the 

approach to the data gathering and cleaning process also 

the criteria followed to create a balanced dataset (Sect 

3.4). The fifth stage describes the feature extraction with 

GPT-2 embeddings (Sect. 3.5). The sixth stage explains 

the hybrid CNN and LSTM as designed in the paper 

(Sect. 3.6). The seventh stage lies in the classification 

process described in Sect. 3.7. The eighth stage 

discusses model training and hyperparameter tuning 

processes (Sect. 3.8). Last of all, the ninth stage gives 

the performance of the model by assessment (Sect. 3.9). 

3.1. Problem Definition and Objective 

The aim of this study is to develop a deep learning 

hybrid model for fake news detection. This model 
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incorporates aspects of both GPT-2 which undertakes 

the generative features extraction, and CNN and LSTM 

undertaking the classification process. This is about the 

semantic and syntactic evaluation of news headlines by 

utilizing GPT-2 and passing these to the feature to CNN 

and LSTM for categorization. The two are going to be 

able to outperform current models like BERT or 

RoBERTa, most probably. 

As fake news gains popularity, especially through social 

media, older forms can no longer tell the difference 

between truth and falsehood. That is why our goal for 

this work is to solve this issue with the help of a stronger 

model for fake news detection, which considers the 

contextual and language features. 

3.2. Why This Approach? 

We chose GPT-2 as a language model since it was 

a reliable instrument in generating meaningful 

embedding that described short and long-term 

partnerships in words. With CNN and LSTM networks, 

the features and long-term dependencies are extracted 

from the GPT-2. The hybrid solution is flexible because 

it can learn from local or global textual patterns, such as 

distinct fake news patterns. 

3.3. System Architecture 

The system consists of several modules, such as: 

• Input Processing: Pre-process news articles 

from users in a format that is comprehensible 

to the rest of the analysis model. 

• Intent Analysis: Capture the intent of the news 

articles and intend to feature some attributes 

that fake news consists of to enhance the usage 

of NLP algorithms. Proposed a multitask 

model that uses GPT-2 as a feature extractor, 

CNN, and LSTM as classifiers to make 

decisions about real and fake articles. Utilize 

NLP algorithms to determine the intent behind 

the news articles, identifying key features 

indicative of fake news. 

• Implement a hybrid model combining GPT-2 

for feature extraction, followed by CNN and 

LSTM for classification, leading to a decision 

on whether the article is real or fake. 

 
Figure 1. System architecture for fake news 

detection using GPT-2 with CNN/LSTM models. 

3.4. Data Collection and Preprocessing 

The dataset used in this work is again from Kaggle 

and includes “real” or “fake” news articles with the 

labels appropriately balanced. Three different subsets of 

data are built. The dataset was split into training (70%), 

validation (15%), and testing (15%). Converting entails 

getting a clean form of the data, which includes 

stripping of HTML tags, special characters, and 

whitespaces, as shown below in Figure 2. This text is 

preprocessed for purposes of standardizing it by 

reducing all the alphabets to lower case and then 

splitting the text into words or phrases. Figure 2 shows 

that when the data is split, frequently occurring words 

including ‘Is’, ‘And’ ‘The’ are substituted by terms that 

reflect the content.  

3.5. Feature Extraction Using GPT-2 

For this work, GPT-2 is the transformer language 

model of choice since it created the most sensible 

embeddings placed in the context of rather intricate 

textual data. Perhaps, as compared to other models, 

GPT-2 can recognize local and global text features, and 

this is very useful when it comes to identifying fake 

news. Every preprocessed news source, as discussed in 

section 3 that follows the steps in Figure 2, is passed 

through GPT-2 to get contextualized embeddings. 

These embeddings are low-dimensional representations 

of the articles that are extractive of semantic and 

syntactic Forms for downstream use. Their 

dimensionality is high, and the textual content is rich, 

providing for the next layers of CNN or LSTM.  

3.6. CNN and LSTM Hybrid Model 

3.6.1. Architecture of CNN. The embeddings undergo 

different convolutional layers where a filter scans the 

entire embedding in search of localized clues, such as 

specific words or phrases in fake news. We will work 

with different filter sizes, three-by-three and five-by-

five, to identify different text coarseness. While 

improving dimensions, maintaining important 

information, and pooling layers that implement the max 

pooling, which extracts the maximum values in certain 

parts of the feature map, as shown in Figure 2 below. It 

also eliminates data volume, but in this process, it 

retains useful information. At the flattening stage, 2D 

feature maps are reshaped or reduced into a 1D vector 

to be fed into a connected or dense layer, which in turn 

summarizes the features for classification.  

 

3.6.2. Architecture of LSTM. The GPT-2 embeddings 

are then fed into an LSTM network, which reads the 

sequence of tokens in LSTM layers, preserving their 
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time order. It is also possible to read all the information 

and to analyze the first parts of the article using LSTMs. 

Theocratic derivatives known as input and output gates 

regulate the entry, storage, and release of information 

flow through the network to preserve valuable 

information while discarding unimportant information. 

After the sequence has gone through the LSTM, the 

final state is then subjected to a density for classifying 

preparation. 

3.7. Classification and Output 

3.7.1. Final Classification. This dense layer is linked to 

the last classification layer, where you get the 

probability score via the sigmoid function out of 1. This 

score shows how probable it is that a news story is fake. 

A threshold of 0.5 is applied: this result means that if the 

model’s result is higher than this value, then the article 

is considered as fake; otherwise, the article is true. 

3.8. Model Training and Hyperparameter 

Tuning 

The Binary Cross-Entropy loss function is 

employed during the training session to solve the binary 

class prediction problem. Adam optimizer was 

employed because it is efficient, and several learning 

rates will be tried to enhance the performance. 

Validation set can verify overfitting for a variety of 

epochs, training runs, and each time backpropagation is 

correcting the weights. The learning rate parameter was 

determined with the values of 0.001 and 0.0001, and the 

batch size of 32 and 64 with both CNN and LSTM layers 

and units of the model. 

3.9. Evaluation and Testing 

• Accuracy quantifies the total number of correct 

observations to the total number and number of 

false observations. 

• Precision examines how accurate the predictor 

is in its assessment of fake news as false. 

• Recall believes that it is the ratio of the actual 

fake news that the model classifies correctly. 

• The F1-Score is a metric of central tendency. 

Since it mirrors the average of precision and 

recall, how much predicted fake news really is 

fake. 

 

Therefore, all the preprocessing actions depicted in 

Figure 2, such as data cleaning, lowercasing, stopword 

removal, and tokenization, are important since they 

directly impact the dataset used for training and 

evaluation. These steps can help improve the quality of 

the data input with respect to the model, ensuring hybrid 

deep learning for fake news detection achieves optimum 

performance.  

 
Figure 2. Block diagram of the proposed integrated 

deep learning model architecture for fake news 
detection. 

4. Experimental Setup  

4.1. Research Questions 

The remainder of this paper is guided by the 

following four research questions: 

(1) RQ1 (See section 5.1): What procedural 

change does the employment of GPT-2 with 

CNN or LSTM have over other independent 

models, such as BERT, RoBERTa, or XLNet, 

in detecting fake news? 

(2) RQ2 (See section 5.2): Which of the extracted 

semantic and syntactic information from GPT-

2 helps to distinguish between real and fake 

news articles? 

(3) RQ3 (See section 5.3): Which architecture of 

hybrids works better – GPT-2 with CNN or 

GPT-2 with LSTM, and why? 

(4) RQ4 (See section 5.4): What are the main 

disadvantages of the proposed hybrid model, 

and how can they be understood to improve the 

fake news detection efficiency? 

4.2. Dataset 

The dataset utilized in this paper is from Kaggle and 

can be accessed at 

https://www.kaggle.com/datasets/clmentbisaillon/fake-

and-real-news-dataset (Bisaillon, 2024), which is 

directly sourced from the ISOT Fake News Dataset 
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developed by the University of Victoria’s Information 

Security and Object Technology (ISOT) Lab. (ISOT 

Research Lab, 2022) 

The dataset contains two types of articles: fake and 

real News. This dataset was collected from real-world 

sources; the truthful articles were obtained by crawling 

articles from Reuters.com (a News website). As for the 

fake news articles, they were collected from different 

sources. The fake news articles were collected from 

unreliable websites that were flagged by PolitiFact (a 

fact-checking organization in the USA) and Wikipedia. 

The dataset contains different types of articles on 

different topics; however, the articles focus on political 

and World news topics. The dataset consists of two CSV 

files. The first file, named “True.csv”, contains more 

than 12,600 articles from reuter.com. The second file, 

named “Fake.csv”, contains more than 12,600 articles 

from different fake news outlet resources. (ISOT 

Research Lab, 2023) There are 44,898 data points in the 

training set, 21,417 real news articles, and 23,481 fake 

ones; there are 4,490 data points in the validation set for 

the assessment of performance. (Ahmed, Traore, & 

Saad, 2018) (Ahmed, Traore, & Saad, 2017).  This 

dataset has received much attention due to the coverage 

of all classes and a balanced distribution of the data, 

which is very helpful in research on fake news detection. 

To further enhance the quality of the input passed to the 

feature extraction stage of the pipeline, the following 

preprocessing steps were undertaken: HTML tags were 

stripped off the text, words containing punctuation and 

special characters were removed, and stopwords. It is 

important to note that similar studies have shown that 

this kind of dataset is helpful in enhancing the efficiency 

of both ML and DL techniques in identifying fake news, 

magnifying its reliability, and real-world applicability. 

4.3. Evaluation Metrics 

Thus, the evaluation of the proposed hybrid model 

is done using performance measures that facilitate a 

comprehensive analysis. Evaluation metrics are shown 

in Table 2. Accuracy offers an overall picture of the 

number of articles correctly classified, giving the 

percentage. Accuracy measures the efficiency, the 

reliance of the model on recognizing fake news by 

checking the True Position’s percentage out of all 

Position results. Recall, on the other hand, ensures the 

model has the sensitivity it needs to detect all the fake 

news possible and have the least number of false 

negatives. However, the Accuracy is not adequate for 

evaluation purposes, it is an average of both true 

positives and true negatives In order to provide the best 

of both the Evaluation metrics that seemed most suitable 

for the analysis of the current dataset is the F1-score, it 

is a fine-tuned between precision and recall, especially 

of datasets that may have a slight level of class 

imbalance. Altogether, these measurements provide a 

strong paradigm for the assessment of the effectiveness 

of the suggested hybrid model for distinguishing 

between the true and false news and could give 

unambiguous guidance concerning further 

advancements. 

 

Table 2. Evaluation Metrics. 

4.4. Comparison 

To assess the impact of each module on the 

proposed model, the ablation study section in the paper 

is presented in Table 3. We also eliminated central 

modules in our proposed model and compared them 

with BERT, RoBERTa, as well as XLNet models. 

Moreover, we removed GPT-2 associated modules and 

instead used basic models like CNN and LSTM to 

compare their results. The comparison results are 

illustrated in Table 4. 

 

Apart from the ablation study, we also compare our 

model with the following baselines: 

 

(1) BERT: A transformer-based model to 

incorporate context at both the word and 

sentence level, and hence is suitable for fake 

news detection applications. 

(2) RoBERTa: Better Training and more data, a 

refined version of BERT that outperforms it 

and thus is ideal for complicated NLP tasks. 

(3) XLNet: An evaluation of BERT’s capability to 

comprehend complex sentence structures to 

avoid adjustments by applying a permutation-

based transformer that improves on BERT by 

addressing its inability to provide bidirectional 

context. 

(4) GPT-2 + CNN: An interpreted model 

combining the contextual embeddings from 

GPT-2 the local features, and pattern 

identification abilities of the CNN. 

(5) GPT-2 + LSTM: A fusion of GPT-2 and 

LSTM, which makes it possible to apprehend 

sequential patterns in a given amount of text. 
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Table 3. Ablation Models for Comparison. 

Table 4. Automatic Evaluation Comparison with 
Baselines. 

4.5. Implementation Details 

In this approach, we use GPT-2 embedding for the 

classification of fake news. The dataset comprises fake 

and real news articles from Kaggle, specifically from the 

Fake News Detection dataset, which includes two CSV 

files: Fake.csv and True.csv. These datasets are then 

amalgamated, and a new training dataset of 1000 real as 

well as 1000 fake news are formulated for optimal 

training. The texts are tokenized properly by using the 

GPT-2Tokenizer, and then the embeddings are extracted 

by using the TFGPT2Model. The GPT-2 embeddings of 

the text data are then obtained by following the 

preprocessing step and taking the average of the hidden 

states in the last layer of the model for each article. 

These embeddings are reshaped, and these reshaped 

data are used as input to a CNN based on the 

classification model. CNN has two convolutional layers, 

there are max pooling layers, a flatten layer, and a full 

connection layer; dropout for avoiding overfitting. The 

model is implemented in TensorFlow 2.x, and the 

method used for training and model is the Adam 

optimizer. Training of the model takes place within the 

web version on an NVIDIA RTX 3090 GPU to allow 

high-speed computations and processing of big data. 

The last model we get is saved for later use, with the 

embeddings and their corresponding labels being 

exported to a CSV file for some statistics. This method 

enables us to assess the performance of integrating 

GPT-2 embeddings with CNN for fake news discovery, 

given the enhanced Transformer architectures for 

semantic analysis and the utilization of modern 

hardware to enhance training.  

5. Experimental Result  

5.1. Overall Performance 

In this section, we answer the questions of what the 

benefits of applying multiple GPT-2 with CNN or 

LSTM are compared to other independent models such 

as BERT, RoBERTa, and XLNet. In the following, we 

evaluate the proposed GPT-2 + CNN model with 

remarkable performance, with an accuracy of 98.5%, a 

precision of 99%, a recall of 99% and an F1-score of 

99% in total. This superior performance shows that 

integrating GPT-2, a Transformer based language 

model, with CNN, which is exceptionally good at 

recognizing local patterns in text data, results in a model 

that not only captures the contextual cues required to 

identify fake news but also subtle patterns that are 

indicative of fake news. 

However, the same model with GPT-2 + LSTM, 

although still fairly powerful with an accuracy of 85%, 

failed in comparison with the CNN-based model. The 

LSTM component, which is famous for sequential data 

handling, gives better performance compared to the 

traditional methods but does not capture the local 

feature pattern as efficiently as CNN, and therefore 

performs slightly worse in the general sense. 

This work shows that adding GPT-2 with CNN 

outperforms BERT (99%) and RoBERTa (99%) when 

compared to the traditional models of BERT, 

RoBERTa, and XLNet. But overall, with regards to 

accuracy, precision, recall, and F1 score, XLNet is 

leading with 100, 100, 100, and 100, respectively, for 

both sets. From this, it’s clear that, though models with 

GPT-2 do afford better capability enhancement from 

standard models such as BERT, RoBERTa, or even 

XLNet, the architecture of XLNet shielded by 

permutation training is truly resilient for this task. 

Altogether, the use of GPT-2, CNN, or LSTM 

increases accuracy in fake news detection, while GPT-2 

+ CNN model performs even better than BERT or 

RoBERTa, except for XLNet, which remains the best 

according to the findings.  

5.2. Semantic-Syntactic Features Influencing 

the Identification of Fake News 

In this section, we respond to the question of which 

semantic and syntactic features extracted by GPT-2 are 

beneficial in the pursuit of a satisfactory classification 

solution for real and fake news articles. The GPT-2 

model can be noticeably effective since the model is a 

transformer-based language model that can understand 

the context of texts in detail and as well work on syntax 

as well. The semantic features define the sense enclosed 

Page 5117



in the text and connections between words, objects, or 

ideas. GPT-2 does a good job in capturing such relations 

and concepts that define the nature of the text and helps 

to sift out the real news, what’s going on in the world, 

from fake ones, which have some misconceptions or 

amplifications of what’s happening. 

At the syntactic level, GPT-2 grasps the grammar 

of the text, such as ways of creating the sentence, how 

and when to use punctuation or how words are arranged 

in a sentence. In most fake news articles, there are 

multiple instances of syntactic abnormalities, which are 

the result of either inherently low-quality manufacturing 

or intentional semantic surgery. The fact that GPT-2 can 

identify such deviations in structure enable it to separate 

fake news articles, which may contain loosely worded, 

grammatically incorrect, or persuasive article structures 

from grammatically correct, logics news articles. 

Secondly, due to GPT-2’s pre-training on a very 

large corpus of text, where it learned how language 

works, how news articles are written, and how logical 

arguments are constructed, it does this (identify contents 

that are illogical or improbable) naturally. This, when 

used in conjunction with other pattern recognition 

techniques, allows GPT-2 to be almost as effective at 

fake news detection as it is at generating very 

convincing texts, by being able not only to detect what 

is being said (the semantics of the text), but how it is 

being said (the syntax of the text). As such, its capability 

to extract and simultaneously peruse semantic as well as 

syntactic characteristics of the text proves essential to 

identify fake news articles from real ones.  

5.3. Hybrid Configurations for Fake News 

Detection: GPT-2 + CNN vs. GPT-2 + LSTM 

In this section, we proceed to answer the query of 

this study: which hybrid configuration, CNN-GPT2 or 

LSTM-GPT2 is more effective in detecting fake news 

and why. Both configurations combine the GPT-2 

model, which provides powerful contextual 

embeddings, with different architectures for feature 

extraction and classification: CNN and LSTM.  

Compared with the previous models, the 

combination of GPT-2 + CNN has been proved to be 

more suitable for the identification of fakes because of 

the possibility of detecting local patterns and hierarchic 

structures inherent to CNNs. CNNs are good at pick out 

short-range dependencies like phrases and some 

combinations of words, which can define the mood and 

the structure of the fake news. Even though the fake 

news might occur in different languages, the ability of 

CNNs to capture these local patterns due to the 

manipulation from emotionally charged language is 

important. Moreover, CNNs has relatively low 

processing power, thus making it possible to process 

large amounts of data in a shorter time, which is very 

essential in real time fake detection. 

On the other hand, GPT-2 + LSTM configuration 

makes use of LSTM because of its capability in 

processing sequential data and long-term dependencies. 

LSTMs are very suitable where a text contains other 

temporal dependencies, such as articles with long 

narratives or an argument that develops over time. 

However, LSTMs are good at capturing long range 

dependencies but are not so good at local features, 

which is usually the case with fake news articles. In 

addition, LSTMs are generally slower than CNNs and 

hence may not perform well on large data sets in terms 

of appendance proficiency. 

Therefore, this study shows that the hybrid model 

GPT-2 + CNN outperforms GPT-2 + LSTM in detecting 

fake news because of its capacity to accurately detect 

local patterns and structures in the text. Although there 

are benefits of the LSTM models, particularly in 

managing long sequences, the considered CNN-based 

approach outperforms the model in the task of fake news 

detection, which mostly implies the identification of 

specific linguistic patterns at the text.  

5.4. Major Challenges of the Proposed Hybrid 

Model and Measures to Boost Fake News 

Identification 

In this section, we discuss the main drawback of the 

GPT-2 + CNN hybrid model for fake news detection and 

how these impairments can be mitigated to do so. Please 

refer to sections 3.2 and 3.3 above. As noted by the 

model, there are several limitations that may affect the 

effectiveness of the model in some cases. 

However, one major drawback of using the 

methodology is high-quality data dependence. The 

GPT-2 model is greatly sensitive to the size and quality 

of data sets necessary to provide substantial 

embeddings. The same applies if the training data it was 

fed on has noise or imbalance; the model is likely to 

perform poorly and generalize poorly, detecting even 

the subtlest of fake news. To solve this, various forms 

of data augmentation involved in the creation of 

synthetic news articles or applying approaches 

associated with active learning can be applied with a 

view to improving the quality and variability of training 

data. 

The last weakness is related to the inability to work 

effectively with fake news from a specific domain. 

Although achieving reasonable results in general news 

detection, the proposed GPT-2 + CNN model may 

underperform if certain nuances of the news focus on 

specialized fields, for example, political or medical 

misinformation. Perhaps, using domain-specific 

pretraining or further fine-tuning the model on specific 
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datasets will enhance its effectiveness in the recognition 

of fake news in those contexts and better regulate such 

subtle and specific to certain fields language 

peculiarities as jargon. 

Further, the CNN component of the suggested 

model is good for local patterns detection, but fake news 

often includes not only local patterns but also large-

scale narratives, different statements, and propaganda, 

which are often written in different speech registers and 

can be rather distinctive in terms of language usage. 

Through the incorporation of long-range dependency 

models like attention mechanisms or transformers with 

other techniques, the model stands to benefit through 

improved ability to capture more general contextual 

information in the text. 

Lastly, as the key feature of deep learning, model 

interpretability remains an issue. A limitation to this 

model is that just like other deep learning-based models, 

the GPT-2 + CNN hybrid may be difficult to explain 

how a particular article was classified as fake or real. To 

enhance this, the incorporation of the explainable AI 

strategies, possibly saliency maps or attention 

visualization, is needed to get a better understanding of 

the model choice and, as a result, improve its credibility, 

especially for real world use where the model decisions 

should be justified. 

In conclusion, it is possible to note that the 

proposed hybrid model based on GPT-2 and CNN 

demonstrates a high level of effectiveness, but this study 

identifies essential directions for further research and 

development: data quality, the specification of the 

problem domain, model interpretability, and the 

problem of long dependencies. The model can be 

improved by introducing other techniques, or the current 

one can be refined to better fit the needs of eradicating 

even more complex instances of fake news. 

6. Conclusion 

Thus, in this study, we introduced the original GPT-

2 +CNN hybrid model for fake news detection that 

enabled using contextual embeddings provided by GPT-

2 as well as the ability of CNNs to extract local features. 

They show that the proposed approach gives higher 

accuracy, precision, and recall than classic models, 

including BERT, RoBERTa, and XLNet, proving the 

effectiveness of the practice when GPT-2 learns text 

semantics together with the CNN recognition of the 

local patterns crucial for analyzing news articles. It also 

performs reasonably well in fake news classification, 

and it can serve as a basis for future research as a model 

that utilizes Deep Learning with an emphasis of both 

text features and syntactic structure of the news articles. 

However, there are some limitations that one must 

overcome further so that, through this, a much better 

representation can be given. Some of the concerns that 

remain include the fact that to enhance the model’s 

performance, outstanding quality data are required, with 

special emphasis to fake news in certain domains, as 

well as limited capacities to model long-dependency. To 

overcome these challenges, the hybrid model is future 

expandable by incorporating domain-specific fine-

tuning, data augmentation, whether it is more 

appropriate to use the terms ‘data magnification’, and 

attention mechanisms. Also, the development of more 

techniques in model interpretability will enhance the 

level of trust and comprehension of real-word 

applications. All in all, it was shown that the developed 

model establishes a strong basis for detecting fake news, 

and it can be fine-tuned further in the future and used for 

a range of more elaborated tasks. 

7. Future Enhancements 

While the proposed hybrid GPT-2 + CNN model 

looks very promising when it comes to fake news 

detection, there are yet many directions for future 

enhancement. An important one is to advance the ability 

of the model to comprehend long-term dependencies 

within text by employing an architecture able to achieve 

that, such as attention mechanisms in the Transformer 

architecture or recurrent neural networks (RNNs), 

continuing to enhance the contextual comprehension of 

online news articles. 

Further improvement of the model for fake news 

detection within specific fields or industries can also be 

achieved through domain-relevant fine-tuning. Because 

it is fine-tuned on domain-specific datasets, the model 

can more effectively detect specific terminology or 

patterns that are not found in generic datasets, thus 

boosting the model's performance on such tasks. 

The data augmentation techniques, or "data 

magnification," are the artificial growth of datasets, 

training data, when the fake news data is small. It would 

help generalize models to invisible data better. 

Additionally, explaining ability methods like the 

attention visualization and saliency maps would 

encourage the model to be transparent for decision-

making. This would give greater confidence to the 

system in contexts of real-world use cases where 

guarantee interpretability is critical. 

Finally, taking advantage of multi-mode data, such 

as image and text, might also boost the model’s 

approach towards the identification of fake news 

regardless of format. This may bring exciting 

possibilities to the media sites that are taking advantage 

of the integrations between images/videos and text 

contents, by providing a one-stop fake news detection 

solution to their benefit. 
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