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Abstract 

With the rapid growth of social media and online news platforms, the spread of fake news has become a major problem, 

leading to misinformation and distrust. In this paper, we propose an attentive convolutional recurrent network (ACRN) 

for fake news detection, which combines convolutional learning and recurrent learning capabilities to capture both 

local and global temporal information. Additionally, we incorporate attention mechanisms to focus on important 

features and reduce noise. We evaluate our model on a publicly available dataset and compare it with state-of-the-art 

methods. The results show that our ACRN model outperforms the existing methods in terms of accuracy, precision, 

recall, and F1-score. We also perform an ablation study to demonstrate the effectiveness of our attention mechanisms. 

Our proposed ACRN model can applied as a reliable computation intelligence tool for detecting fake news and 

improving the accuracy of news verification. 

Keywords: Computation intelligence; Convolutional Recurrent Networks; Fake News detection; Applied Deep 

Learning. 

1. Introduction 

The problem of fake news has become a major challenge in recent years, with the rise of social media and the ease of 

creating and sharing information online. Fake news refers to intentionally false or misleading information that is 

presented as if it were true, often with the goal of influencing public opinion or promoting a particular agenda. The 

spread of fake news can have serious consequences, such as undermining trust in institutions, fueling political 

polarization, and even inciting violence. Moreover, with the increasing sophistication of fake news techniques, it has 

become more difficult for people to distinguish between real and fake news. To combat the spread of fake news, 

researchers and practitioners have developed various approaches, including fact-checking, social media monitoring, 

and machine learning algorithms. However, the problem of fake news remains complex and multifaceted, requiring a 

concerted effort from all stakeholders to address this important issue. 

Machine learning has emerged as a promising approach for detecting fake news, leveraging the power of 

computational methods to analyze large volumes of text data. Machine learning algorithms can be trained to 

automatically identify patterns and features that are indicative of fake news, based on labeled datasets of real and fake 

news articles. Some common features used in machine learning models for fake news detection include linguistic 

cues, such as the use of emotive language or exaggerated claims, and contextual information, such as the source of 

the news article or the social media platform where it was shared. 
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Several machine learning models have been proposed for fake news detection, including traditional classifiers such as 

logistic regression and support vector machines, as well as more complex models such as neural networks and deep 

learning architectures. These models have been evaluated on various datasets and have shown promising results, 

achieving high accuracy in detecting fake news. However, there are still challenges and limitations associated with 

machine learning for fake news detection, including the need for large and diverse training datasets, the risk of bias 

and overfitting, and the difficulty of keeping up with the evolving tactics used by fake news producers. Nonetheless, 

machine learning continues to be an active area of research for combating the problem of fake news. 

This paper proposes an intelligent deep learning architecture that combines convolutional learning and recurrent 

learning capacity to capture both local and global temporal information in news articles. In addition, we incorporate 

attention mechanisms to enable the model to selectively focus on important features and reduce noise. Our experiments 

on a public case study validate the efficiency of our proposed model across different metrics. Our paper thus presents 

a reliable and effective tool for detecting fake news and contributes to the ongoing effort to combat the spread of 

misinformation and promote more trustworthy news sources. 

2. Related works 

This section explores the literature studies for computational intelligence techniques applied for detecting fake news. 

In [1], the authors developed a deep neural network model for detecting fake news., in which three hidden layers are 

stacked including convolutional layer to extract features from the news article, long short-term memory (LSTM) layer 

to capture the temporal information, and the linear to classify the article as real or fake. In [3], Conroy et al presented 

an overview of existing methods and techniques for detecting fake news and deception. They highlighted the 

challenges associated with detecting deception in text, including the need to identify relevant cues and features that 

distinguish between truthful and deceptive texts, and the role of context in shaping readers' interpretations of the text. 

They also discussed the importance of interdisciplinary collaboration between researchers in the fields of computer 

science, linguistics, psychology, and communication in developing effective methods for detecting deception. In [4], 

Ruchansky et al hybrid deep learning model for detecting fake news that incorporates both convolutional networks 

and recurrent networks. The model was designed to extract both local and global features from news articles, as well 

as capture temporal dependencies in the text. The authors evaluated their model on several publicly available datasets 

and compared it to existing methods for fake news detection.  In [5], Pérez-Rosas et al developed a machine learning-

based approach to detecting fake news that uses a combination of lexical, semantic, and network-based features. They 

evaluated their proposed approach on a large dataset of news articles and compared it to several baseline models. In 

[6], the authors provided a comprehensive overview of the existing research on fake news, including fundamental 

theories, detection methods, and opportunities for future research. They reviewed different types of fake news, the 

psychological and social factors that contribute to its spread, and the various techniques and tools that have been 

developed to detect it. In [8], Zellers et al studied the problem of "neural fake news," which refers to the generation 

of highly convincing but entirely fabricated news articles using neural language models. They developed a new method 

for detecting neural fake news based on a two-stage process that involves first identifying potentially problematic 

sentences using a trained classifier and then checking these sentences for factual consistency using external knowledge 

sources.  In [9], the authors presented a new dataset and accompanying framework for studying fake news on social 

media. They collected many news articles and associated social media posts and constructed a dataset that includes 

information on the content of the news articles, the social context in which they were shared, and the spatiotemporal 

dynamics of their spread. They also developed a framework that includes several modules for data preprocessing, 

feature extraction, and machine learning-based classification of fake news. 

3. Methodological Design  

This section describes the methods and procedures used to conduct the study, including the data collection, analysis, 

and interpretation processes. This section typically provides a detailed description of the research design, including 

the sampling strategy, and model building steps. Preprocessing is an important step in preparing data for machine 

learning models. When working with fake news data, there are several preprocessing steps that can be applied to 

improve the quality of the data and help ensure accurate detection of fake news.  In the following, we discuss the 

preprocessing steps applied in our system. 
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Step 1: Text cleaning and normalization: This involves removing any irrelevant information such as HTML tags, 

punctuation, and special characters, as well as converting all text to lowercase. This helps reduce the dimensionality 

of the data and improve the accuracy of the model. 

Step 2: Stop word removal: Stop words are commonly used words in a language, such as "the" and "and", that do not 

carry significant meaning and can be removed from the text. Removing stop words can help reduce the noise in the 

data and improve the performance of the model. 

Step 3: Stemming and Lemmatization: Stemming and lemmatization are techniques used to reduce words to their root 

form. For example, "running", "ran", and "runs" would all be reduced to "run". This can help reduce the dimensionality 

of the data and improve the accuracy of the model. 

Step 4: Feature extraction: This involves transforming the text into numerical features that can be used in our model. 

GloVe (Global Vectors for Word Representation) is used as a popular unsupervised method for obtaining word 

embeddings, which are dense vector representations of words in a low-dimensional space. GloVe embeddings can be 

used to capture the semantic meaning of words and phrases to identify patterns and associations between them. The 

process of obtaining GloVe embeddings involves constructing a co-occurrence matrix that captures the frequency of 

word pairs in a large corpus of text. The matrix is then factorized using singular value decomposition (SVD), and the 

resulting factor matrices are used to generate word vectors. These vectors are then trained through an iterative process 

that minimizes the difference between the dot product of the vectors and the log of their co-occurrence probabilities. 

Step 5: Label encoding: This involves converting categorical variables into numerical values. In the case of fake news 

detection. Label encoding can help the model interpret the categorical data and improve its performance. 

In the early phase of our system, Convolutional Networks is applied to extract important features from the input fake 

news data, through using filters or kernels that slide over the text in the input sequence and apply a non-linear function 

to produce a feature map. These feature maps capture important patterns in the text that can help distinguish between 

real and fake news.  One advantage of using CNNs for fake news detection is that they can capture local and global 

dependencies in the input text. In the next phase of our model, LSTM is applied to perform sequence modeling by 

learning long-term dependencies between elements in a sequence. In particular, LSTMs is used to model the textual 

content of news articles and their associated metadata.  The input to the LSTM is time distributed features from the 

convolutional operations in the previous phases. The LSTM processes the sequence one element at a time, updating 

its internal state at each step and producing an output at the end of the sequence. Followingly, Attention mechanism 

is applied as a way to improve the performance of our model, by enabling it to identify the most important parts of the 

input text that contribute to the final prediction. In our system, we used an attentive convolutional recurrent network 

for fake news detection. This architecture combines the strengths of CNNs and LSTMs for feature extraction and 

sequence modeling, respectively. Additionally, we added an attention mechanism to the model to improve its 

performance. A way from mathematical description, we provide the TensorFlow implementation of the proposed 

model as follows: 

1. import tensorflow as tf 

2. from tensorflow import keras 

3. from tensorflow.keras.layers import Embedding, TimeDistributed, Conv1D, MaxPooling1D, LSTM, 

Dropout, Flatten, Dense 

4.  

5. class AttenConvRec(tf.keras.Model): 

6.     def __init__(self, num_tokens, embedding_dim, embedding_matrix, 

7.                 dropout1=0.2): 

8.         super(AttenConvRec, self).__init__() 

9.   

10.         # Define the layers of the model 
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11.         self.embedding_layer = Embedding( 

12.             num_tokens, 

13.             embedding_dim, 

14.             embeddings_initializer=keras.initializers.Constant(embedding_matrix), 

15.             trainable=False, 

16.         ) 

17.         self.timeDisEmb = TimeDistributed(self.embedding_layer) 

18.         self.drop1 = Dropout(dropout1) 

19.         self.timeDisConv = TimeDistributed(Conv1D(filters=64, kernel_size=3, padding='same', 

activation='relu')) 

20.         self.timeDisPool = TimeDistributed(MaxPooling1D(pool_size=2)) 

21.         self.timeDisLstm1 = TimeDistributed(LSTM(32, return_sequences=True)) 

22.         self.drop2 = Dropout(dropout1+0.1) 

23.         self.timeDisAtt = TimeDistributed(Attention()) 

24.         self.flatten = Flatten() 

25.         self.dense1 = Dense(64, activation='relu') 

26.         self.out = Dense(3, activation="softmax") 

27.   

28.     def call(self, inputs): 

29.         # Pass the input through the layers of the model 

30.         x = self.timeDisEmb(inputs)   

31.         # Apply the embedding layer to each word in the input sequence 

32.         x = self.drop1(x) 

33.         # Dropout layer to reduce overfitting 

34.         x = self.timeDisConv(x) 

35.         # Apply convolutional layer to each word in the input sequence 

36.         x = self.timeDisPool(x) 

37.         # Apply max pooling layer to each word in the input sequence 

38.         x = self.timeDisLstm1(x) 

39.         # Apply LSTM layer to each word in the input sequence 

40.         x = self.drop2(x) 

41.         # Dropout layer to reduce overfitting 

42.         x = self.timeDisAtt(x) 

43.         # Apply attention mechanism to each word in the input sequence 

44.         x = self.flatten(x) 

45.         # Flatten the output of the previous layer 

46.         x = self.dense1(x) 

47.         # Fully connected layer with 64 units 

48.         x = self.out(x) 

49.         # Output layer with softmax activation for classification 

50.   

51.         return x # Return the output of the model. 

The learning process is optimized using Adam optimizers, where cross entropy is used as our loss function. 
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4. Results and Analysis 

The 

experimental section of our study uses the WSDM (Web Search and Data Mining) fake news dataset as case study for 

training and evaluating our approach. The dataset was created for the 2019 WSDM Cup competition, which focused 

on the task of fake news detection. The training set is comprising 320,767 news pairs in both Chinese and English, 

while the testing data contains 80,126 news instances. This file provides the only data you can use to finish the task. 

Using external data is not allowed. Given the headers of a fake news article and next one, we are targeting to each 

sample as belonging to either agreed, disagreed, or unrelated. The dataset is freely available for academic research 

purposes and can be downloaded from the WSDM Cup website. 

In Figure 1, we conducted a learning curve analysis for our proposed model to understand its behavior during the 

training process. The learning curve plot represents the performance of the model on both training and validation 

datasets over the epochs. The horizontal axis of the plot represents the number of epochs, while the vertical one 

represents the accuracy of the model. As shown, the learning curve does not show any sign of overfitting and 

underfitting in the model. We also observed that the training and validation accuracies of the model gradually improved 

as the number of epochs increased, indicating that the model was learning effectively from the training data. However, 

we noticed a small gap between the training and validation accuracies, which suggests that there might be some 

overfitting in the model. 

The receiver operating characteristic (ROC) curve is a commonly used evaluation metric for classification tasks like 

fake news detection. In our study, we used ROC curves to evaluate the performance of our fake news detection model 

(See Figure 2). We plotted the true positive rate (sensitivity) against the false positive rate (1 - specificity) at various 

classification thresholds. A good model would have an ROC curve that approaches the top left corner of the plot, 

indicating high true positive rates and low false positive rates at all thresholds. Our model showed a high performance 

in terms of ROC curves. The AUC (area under the ROC curve) score for our model was high, indicating strong 

classification performance across a range of thresholds. This suggests that our model can accurately classify fake news 

and real news with a low false positive rate and high true positive rate. 

Figure 1: Learning behavior of the proposed ACRN 
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A confusion matrix is a table that summarizes the performance of a classification model, as shown in Figure 3. It 

shows the number of correct and incorrect predictions made by the model on a set of test data. In our fake news 

detection model, we use a confusion matrix to evaluate the performance of the model in terms of true positives (TP), 

true negatives (TN), false positives (FP), and false negatives (FN). In our fake news detection model, we achieve a 

high accuracy of 0.82, indicating that the model is able to correctly classify most of the instances. The precision and 

recall scores for all classes are also high, indicating that the model is able to correctly identify most of the real and 

fake news instances. The F1 score for all classes is also high, indicating a good balance between precision and recall. 

5. Conclusions 

This paper proposed an attentive convolutional recurrent neural network for the detection of fake news. We collected 

a new dataset containing news articles and their corresponding social media posts, which were manually annotated for 

their authenticity. Our proposed model employs an attention mechanism to focus on the most important parts of the 

input, allowing it to effectively capture the nuanced features of fake news. We conducted extensive experiments on a 

public as a study and compared our model against several state-of-the-art methods. The results showed that our model 

achieved superior performance, demonstrating its effectiveness in detecting fake news. 
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