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Abstract— During the COVID-19 pandemic, numerous research studies focused on sentiment 

analysis of fake news on Twitter (now X). These studies revealed various patterns and themes in 

the tweets. The studies reviewed utilized diverse methods such as social network analysis, NLP, 

and mixed-methods approaches to uncover patterns of COVID-19 misinformation on Twitter. 

The studies reviewed utilized diverse methods such as social network analysis, NLP, and mixed-

methods approaches to uncover patterns of COVID-19 misinformation on Twitter. By analyzing 

these headlines, we strive to understand the trends and characteristics of negative fake news and 

how similar the various fake news is. The experiment result shows better performance over the 

state-of-art algorithm in terms of accuracy, precision, recall and F1 score. 
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I. INTRODUCTION 

In the digital era, we are surrounded by a vast amount of 

data, including facts, information, videos, audios, and more. 

As information production increases, so does the prevalence of 

false information. Social media platforms are among the 

leading sources of this false information. It is crucial to 

distinguish between misinformation and disinformation. Our 

study focuses on "misinformation," which is spread innocently 

and may include superstitious or false information about 

COVID-19. 

Misinformation can be broadly classified into positive fake 

news (e.g., "Turmeric cures COVID-19") and negative fake 

news (e.g., "The government is trying to fool us"). Both types 

are harmful. Positive fake news can lower people's guard, 

leading them to take unprescribed medicines or use unverified 

remedies, which can have adverse health effects. Negative 

fake news can create distrust in public institutions, cause 

chaos, and fuel conspiracy theories. Understanding the 

patterns and spread of misinformation is essential, as any type 

of fake news harms society as a whole. 

Numerous studies have explored sentiment analysis, 

particularly using Twitter data. For instance, Cruickshank and 

Carley (2021) developed a real-time dashboard to help users 

flag and eliminate fake news as they encounter it. Sharma et 

al. (2020) collected real-time COVID-19-related data from 

Twitter to analyse the spread and impact of information on 

social media platforms. Memon and Carley (2020) focused on 

detecting online fake news spreader communities, while 

Antypas et al. (2021) analysed recurring patterns in fake news 

content. Nazar and Pieters (2021) examined the societal 

impact of disinformation during COVID-19, and Bastani et al. 

(2021) proposed a framework for understanding 

misinformation in Iran. 

Axelrod et al. (2022) analysed the relationship between 

Twitter and YouTube in spreading COVID-19 misinformation, 

while Pierri et al. (2023) collected nearly 300 million English-

language tweets related to COVID-19 vaccines from Twitter. 

Zhou et al. (2023) explored the emotional characteristics of 

fake news in English and Chinese, and Liew and Lee (2021) 

analysed social media data on perspectives and opinions 

regarding COVID-19 vaccines. 

Our study involves analyzing fake COVID-19 news data 

from Kaggle. After data preprocessing, we segregate the data 

into negative, positive, and neutral fake news using sentiment 

analysis techniques such as VADER, SentiWordNet, and 

AFINN. We employ three main methods for sentiment 

analysis: KMEANS (a machine learning method), and 

EMOLEX and Named Entity Recognition (NER), both deep 

learning methods. Following sentiment analysis, we use 

BERTopic for topic modelling and BERT for topic labelling. 

We then calculate coherence scores, F1 scores, recall, 

precision, and accuracy to evaluate our models. 

Our results indicate that EMOLEX performed the best 

among the methods, while NER performed the worst. 

KMEANS performed considerably well compared to NER. 

The coherence score measures how related the topics in the 

segregated news are, providing insights into the effectiveness 

of our models. The study proposed the idea of extracting and 

grouping various fake COVID-19 news into different 

sentiments (positive, negative, and neutral), identifying 

various patterns and trends in the news. This helps us 
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understand how misinformation spreads and enables us to 

develop effective methods to prevent its dissemination, 

thereby curbing the chaos that might be caused by 

misinformation. The approach involves a sequential process 

consisting of dataset collection and preparation, sentiment 

measurement and tagging, topic modelling, and topic 

labelling. Following are the main objectives of the study: 

Classify fake COVID-19 news into various sentiments. 

Apply various machine learning (KMEANS) and deep 

learning techniques (EMOLEX and NER) for sentiment 

analysis. 

Identify patterns and trends in the spread of 

misinformation. 

Perform topic modelling using BERTopic and topic 

labelling with BERT for each sentiment. 

Calculate the coherence score and evaluate the 

performance of each technique based on F1 Score, Recall, 

Precision, and Accuracy. 

Determine the best technique for the classification and 

grouping of fake COVID-19 news. 

Develop strategies to prevent the spread of misinformation 

and mitigate its impact on society. 

The paper is organized as follows: Section 2 reviews related 

work, Section 3 details the methodology, Section 4 describes 

the dataset, Section 5 covers model creation and evaluation, 

and Section 6 presents the experimental results. 

II. RELATED WORKS 

There have been many related works in this field, during 

and after the COVID-19 outbreak. The spread of coronavirus 

had a lot of impact on the lives of the people, from spreading 

disinformation to social media tweets there existed a world of 

fake news all around. So detecting fake news, identifying 

various patterns in the fake news was and is still very 

essential. For example, Cruickshank and Carley (2021) [1] 

analysed website and the usage patterns and gave a solution 

for it by creating a dashboard in real time where users could 

read and remove any fake news they saw, helping in real time 

removal of fake news. 

Similarly, Sharma et al. (2020) [2] collected streaming data 

related to COVID-19 using the Twitter API, while Memon and 

Carley (2020) [3] presented a method to detect fake news 

spreader community online. Antypas et al. (2021) [4] 

performed an analysis to identify recurring patterns such as 

common words, phrases, or topics that appear frequently. 

Nazar and Pieters (2021) [5] discussed how the disinformation 

spread around impacted the daily lives of the people, and 

Bastani et al. (2021) [6] gave a framework that showed how 

the misinformation existed in the country of Iran. Axelrod et 

al. (2022) [7] showed the relationship between Twitter and 

YouTube and how misinformation regarding the COVID-19 

was spread because of their relationship, while Pierri et al. 

(2023) [8] collected almost 300 million English-language 

tweets related to COVID-19 vaccines from Twitter. In the 

study by Zhou et al. (2023) [9], the authors explored emotional 

characteristics of fake news across two languages, which were 

English and Chinese. Liew and Lee (2021) [10] used social 

media data to capture the perspectives and opinions of people 

regarding COVID-19 vaccines. They also tried to understand 

why and what facilitated successful usage of COVID-19 

vaccines and what stopped from using it. 

III. PROPOSED METHODOLOGY 

This section introduces the proposed methodology. By 

following the below diagram, we complete our steps. 

 

 

By following the above approach which involved the 

following steps: 

• Dataset collection 

• Dataset preparation and preprocessing 

• Training the CNN BiLSTM Model 

• Sentiment Analysis using EmoLex 

• Topic Modeling using BERT 

• Topic Labeling using BERT-TOPIC 

Calculation of coherence score, F1 Score, Recall, 

Precision, 

This study focuses on identifying the relationship of 

various topics in already classified COVID-19 fake news from 

a dataset of news related to COVID-19. The initial step 

involves dividing the dataset into true and false news. We then 

isolate the fake news, as it is crucial for identifying the various 

sentiments associated with misinformation. The sentiments 

include negative, positive, and neutral. The process of 
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categorizing fake news into these sentiments is known as 

sentiment analysis. Various approaches to sentiment analysis 

can be employed, such as the lexicon-based methods including 

VADER, SentiWordNet, AFINN, etc. For this study, we will 

be utilizing three primary methods for sentiment analysis: 

KMEANS (a machine learning method), and EMOLEX and 

NER (both deep learning methods). 

After conducting sentiment analysis, the next step involves 

topic modelling using BERTopic for each sentiment category. 

Topic modelling is a method for discovering abstract topics 

within a collection of documents, which helps in 

understanding the underlying themes in the fake news dataset. 

BERTopic leverages BERT embeddings for creating cohesive 

topics, offering a nuanced understanding of the data. 

Following topic modelling, we proceed with topic labelling 

using BERT. This step involves assigning human-readable 

labels to the topics generated in the previous step. BERT 

(Bidirectional Encoder Representations from Transformers) is 

a state-of-the-art model that excels in understanding the 

context and semantics of words in sentences, making it ideal 

for accurate topic labelling. 

Once the topics are labelled, we evaluate the performance 

of our models through various metrics. We calculate the 

coherence score for the negative, positive, and neutral 

sentiments. The coherence score measures the degree of 

semantic similarity between the words in a topic, indicating 

the interpretability of the topics. Additionally, we assess the 

performance using F1 Score, Recall, Precision, and Accuracy. 

These metrics provide a comprehensive evaluation of the 

model's effectiveness in correctly classifying and 

understanding the sentiments and topics within the fake news. 

By following these detailed steps, we aim to gain a 

thorough understanding of how misinformation spreads and 

the nature of various topics within the fake news.  

DATASET DESCRIPTION 

HEADLINES OUTCOMES 

A photo claims that this 

person is a doctor who died 

after attending to too many 

COVID-19 patinents in 

Hospital MuÃƒÂ±iz in Buenos 

Aires. 

 0 

Post about a video claims 

that it is a protest against 

confination in the town of 

Aranda de Duero (Burgos) 

0 

Good oral hygiene destroys 

the coronavirus and prevents 

its spread 

0 

 

Sentiment analysis needs data with sentiments, which 

includes a wide range of emotions that may fall under any of 

the three categories: neutral, positive, and negative. 

Understanding how fake news is similar can inform 

educational campaigns aimed at improving media literacy. By 

highlighting common traits of fake news, individuals can be 

better equipped to critically evaluate the information they 

encounter online. Following is the description of the dataset as 

follows. 

The dataset contains fake and true news, where the fake 

news was labelled as 0 and true news was labelled as 1. Fake 

news reflects various superstitions, false beliefs, and 

unverified remedies. In contrast, true news articles are sourced 

from authoritative entities, ensuring the dissemination of 

accurate and reliable information. The positive news is 

verified news from Google, WHO, and other trusted sources. 

This helps in understanding the emotional tone of the news 

and its potential impact on the public. By examining these 

patterns, the study aims to enhance media literacy and inform 

strategies to combat the spread of misinformation, ultimately 

fostering a more discerning and informed public. Additionally, 

this analysis provides insights into the psychological and 

social dynamics behind the creation and spread of fake news. 

Lexicon based Method :  

EMOLEX is a lexicon based approach that uses many-

layered neural networks. From vast volumes of data, these 

networks are able to discover intricate patterns and 

representations. Opinion mining, or sentiment analysis, is a 

technique used to find and classify opinions in text and 

determine if the writer is positive, negative, or neutral about a 

certain subject. Unlike conventional machine learning models 

which depend on human feature extraction, deep learning 

models have the ability to automatically identify and extract 

pertinent features from unprocessed data.  

The intricacies of natural language such as idioms, context 

and distant word dependencies are likewise skilfully handled 

by deep learning models. EMOLEX This method starts with 

using the EMOLEX (the NRC Emotion Lexicon), which helps 

us map various words with different emotions. NRCLexicon is 

an MIT-approved pypi project by Mark M. Bailey which 

predicts the sentiments and emotion of a given text.  

The package contains approximately 27,000 words and is 

based on the National Research Council Canada (NRC) affect 

lexicon and the NLTK library’s WordNet synonym sets. [2]. 

Following are the major emotions it has: fear, joy, anger, 

disgust and more. It uses a rule-based sentiment analysis by 

counting the number of emotion-laden words in a text. We 

assign various labels to the three sentiments, which meant we 

included 2 for positive sentiment, 1 for neutral sentiment and 0 

for negative sentiment. 

Deep Learning Method :  

NER in the area of natural language processing (NLP), 

named entity recognition (NER) involves the study and 

classification of particular data items found in textual 

information. NER uses entities like single words, phrases, or 
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word sequence. These are significant aspects in the text and 

organize them according to predetermined criteria. The 

categories cover a wide variety of topics that are covered in 

the book, such as names of people, places, names of 

organizations, dates, events, and even certain numerical values 

like money and percentages. 

Machine Learning Method :  

K-MEANS Machine Learning Method 1: K-MEANS K-

means clustering is an algorithm for unsupervised learning. 

Textual data (such as reviews or comments) can be clustered 

in sentiment analysis using K-means based on how similar the 

expressed sentiments are. It separates the data into (k) clusters 

and identifies naturally occurring groupings within the data by 

minimizing the variance within each cluster.  

The algorithms recalculate the centres and assigns each 

data point to the closest cluster center iteratively until 

convergence. K-means makes it simple to find hidden patterns 

and designs in large massive datasets. It does a good and 

thorough sentiment analysis and classification and it is very 

helpful. Because it can easily handle large datasets it is good 

for real-time sentiment analysis applications. 

Feature Representation means: Usually textual data is 

converted into numerical feature representations (e. g. G. 

semantic meaning or sentiment orientation such as word 

embeddings TF-IDF and so forth. Interpretation of Clusters: 

Following the clustering process every cluster stands for a 

collection of texts that exhibit comparable sentiment traits 

CNNs: Images and other tasks involving spatial data are 

the main applications for CNNs or convolutional neural 

networks. They have however also been successfully used 

with text data. CNNs are useful in natural language processing 

(NLP) because they can apply convolution operations to 

identify local features and patterns in text like n-grams 

There are several layers involved in the CNN, where each 

performs their individual task. Following are the layers: 

Embedding Layer, Convolutional Layer, Pooling Layer 

Bidirectional Long Short-Term Memory (BiLSTM) Long 

Short-Term Memory that operates both ways (BiLSTM). A 

particular kind of recurrent neural network (RNN) called an 

LSTM network is made to identify long-term dependencies in 

sequential data. This is expand upon by BiLSTM which 

processes the sequence both forward and backward enabling 

the model to comprehend context from both past and future 

states. Here are the layers: 

Bidirectional Layer: Dropout Layer: 

Integration of CNN and BiLSTM Combining and mixing 

both CNN and BiLSTM leverages the strengths of both 

architectures. The CNN layers capture local features from the 

text, while the BiLSTM layers understand the sequence 

dependencies in both directions. In the original formulation 

applied to named entity recognition, it learns both character-

level and word-level features. The CNN component is used to 

induce the character-level features. For each word the model 

employs a convolution and a max pooling layer to extract a 

new feature vector from the per-character feature vectors such 

as character embeddings and (optionally) character type. [1] 

TOPIC MODELING: In natural language processing 

(NLP), topic modelling is a method used to find abstracts 

topics or themes in a group of documents. It's very helpful for 

identifying latent semantics structures and summarizing huge 

text datasets. The phase of topic modelling is crucial. For a 

particular set of words, we must comprehend the different 

subjects that they cover. We employ a method known as 

BERT to extract the various topics from a batch of words. 

BERT, which stands for Bidirectional Encoder 

Representations from Transformers, is based on transformers, 

a deep learning model in which every output element is 

connected to every input element, and the weightings between 

them are dynamically calculated based upon their connection. 

Language models have historically only been able to read 

input text sequentially, that is, from left to right or from left to 

right, but not simultaneously. Because BERT is meant to read 

simultaneously in both directions, it is unique. This feature, 

referred to as bidirectionality, was made possible with the 

advent of transformer models. 

So if your sentence is: Our love of magnificent waterfalls 

causes the convolutional layer to split the word GREAT into 

the terms gre- and -at. The pooling layer then uses the features 

retrieved for great to highlight the terms gre- and -at as they 

carry the most meaning-relevant information. Similar words 

(such as great and fantastic) are positioned close to one 

another in a high-dimensional space called the embedding 

layer where the words are transformed into dense vectors. 

TOPIC LABELING:  

Assigning Human-Understandable Labels: After 

identifying various topics using topic modelling, we proceed 

with topic labelling techniques to assign human 

understandable and readable labels or keywords to each topic 

cluster. For example, the topics can be: COVID-19 

Vaccination Efforts, "Government Conspiracy"," Market 

Trends". These labels make it easier for us (e.g., marketers, 

social media managers, policymakers) to quickly grasp the 

main themes and patterns trends present in the data. 

Instead of taking directly a cluster of words after topic 

modelling, we use topic labelling to understand the various 

topic labelling to understand the various topics. We should use 

topics according to the coherence score, from the point where 

coherence score decreases, only those number of topics we 

take. The whole above method we use is called topic labelling 

performed by BERTopic BERTopic BERTopic is a modern 

topic modelling technique that leverages BERT (Bidirectional 

Encoder Representations from Transformers), a state-of-the-art 

language model, to perform unsupervised topic modeling. 

Unlike traditional topic modelling methods such as Latent 

Dirichlet Allocation (LDA), BERTopic does not rely on word 
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frequencies but instead uses contextual embeddings to capture 

the semantic meaning of words in a document. 

By following the above approach which involved the 

following steps: Dataset collection Dataset preparation and 

preprocessing Sentiment Analysis using EmoLex Training the 

CNN BiLSTM Model Topic Modelling using BERT Topic 

Labelling using BERT-TOPIC Calculation of coherence score, 

F1 Score, Recall, Precision, 

Coherence score: 

The coherence score measures the similarity of topics 

within a model. A higher coherence score indicates that the 

topics are more similar to each other, while a lower coherence 

score indicates that the topics are less related. This metric is 

often used in topic modelling to evaluate the quality of the 

topics generated by models such as Latent Dirichlet Allocation 

(LDA): There are different methods to calculate coherence 

score, such as C_V, UMass, and C_UCI. Each method uses 

different statistical measures to assess coherence. 

Coherence 

Sc ore =                                 

(1) 

 Accuracy: 

Accuracy measures the proportion of correctly classified 

instances (both true positives and true negatives) out of the 

total instances. It is a straightforward metric that provides an 

overall effectiveness of a classification model. Accuracy is 

easy to understand and calculate, making it a commonly used 

metric for 

evaluating model 

performance: It 

gives a general 

sense of how well the model is performing across all classes. 

Accuracy is particularly useful when the dataset is balanced, 

meaning the number of instances in each class is roughly the 

same. 

)                        

 

Precision indicates the proportion of true positive 

predictions out of all positive predictions. It measures the 

accuracy of the positive predictions made by the 

model.Precision is important in applications where the cost of 

false positives is high. For example, in spam detection, a high 

precision means that most of the emails marked as spam are 

actually spam. It focuses on the positive class, making it 

suitable for tasks where the positive class is of particular 

interest. Precision alone does not provide information about 

false negatives, which is why it is often used alongside recall. 

High precision can sometimes be achieved at the cost of 

missing many positive instances (low recall). 

                                                                             

Recall 

Recall, also known as sensitivity or the true positive rate, 

measures the proportion of actual positive instances that were 

correctly identified by the model. It reflects the ability of the 

model to find all the relevant instances in the dataset. Recall is 

crucial in situations where it is important to capture all 

positive instances, even at the expense of some false positives. 

Recall is particularly important in applications such as medical 

diagnosis, fraud detection, and information retrieval, where 

missing a positive instance (e.g., a disease, fraudulent activity) 

can have severe consequences. 

 
                                                                                                                  

F1 Score 

The F1 Score is the harmonic mean of Precision and 

Recall, providing a balance between the two. It is particularly 

useful when you need to account for both false positives and 

false negatives. The F1 Score is used when you want to 

balance Precision and Recall, especially in cases where the 

class distribution is imbalanced. 

)                                                  

Experiment and analysis 

This section involves the evaluation parameters for finding 

or determining the efficiency of the proposed model. The 

research paper takes different evaluation metrics such as F1 

Score, Accuracy, Recall. The experimental results obtained 

from applying various machine learning and deep learning 

models to the sentiment analysis. The goal was to evaluate the 

performance of these models in predicting coherence score 

which tells us the relationship of the topics. Both machine 

learning and deep learning approaches were employed, and 

their accuracies were compared to determine the most 

effective model. 

RESULT-1 

When deep learning method 1 -EMOLEX- with CNN 

BiLSTM was applied we achieved the following below 

results: Coherence Score: 0.69 Negative News Coherence 

Score: 0.64 Neutral News Coherence Score: 0.62, Positive 

News Coherence Score: 0.59, Accuracy:0.8662 F1-Score: 

0.8671 Precision: 0.8696 Recall: 0.8667 

RESULT-2 

When machine learning method 1 - KMEANS with CNN-

BiLSTM was applied we achieved the following below 

results: Coherence Score : 0.68 ,Negative News Coherence 

Score: 0.5148 ,Neutral News Coherence Score: 0.56229 

,Positive News Coherence Score: 0.564 Precision: 0.7282 

,Recall: 0.6338 ,F1 Score: 0.6667 Accuracy: 0.7878 

RESULT-3 

Coherence Score : 0.68,Negative News Coherence Score: 

0.41,Neutral News Coherence Score: 0.39,Positive News 
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Coherence Score: 0.37,Precision: 0.7735,Recall: 0.6338,F1 

Score: 0.5767,Accuracy: 0.771 

  

  Negati

ve 

Positi

ve 

Neutr

al 

F1 

Score 

Accurac

y 

Recall Precisio

n 

K-Means 
0.51     0.56    0.56        0.66 0.7878 0.6338 0.72 

EMOLEX 
0.64     0.62   0.59       

  
0.8671 0.8662 

0.8667 

  
0.8696 

NER 
0.41    0.37    0.39 0.5767 0.771 0.6338 0.7735 

  

IV. COMPARATIVE ANALYSIS 

 A comparison of all the methods used is presented through 

various graphs for the comparative analysis of each individual 

calculated metric. These visual representations highlight the 

performance differences between the methods. From the 

graphs, it is evident that EMOLEX outperforms the other 

methods across all key metrics, including coherence score, F1 

Score, Recall, Precision, and Accuracy. This indicates that 

EMOLEX is the most effective in accurately classifying and 

understanding the sentiments and topics within the fake 

COVID-19 news dataset. The superior performance of 

 

Figure 1.  Accuracy Score for different Models 

 

 

 

 

 

 

 

 

Figure 2.  Coherence Score for different Models 
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