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Abstract 

Detection of fake news is an important task in this digital era, where misinformation is being spread 
everywhere. This paper utilizes the WELFake dataset, which contains 72,134 news articles, with 35,028 
labeled as real and 37,106 labeled as fake. This dataset is an aggregation of four famous sources: 
Kaggle, McIntire, Reuters, and BuzzFeed Political. This dataset combines data from several sources 
with the aim of making classifiers more robust and preventing overfitting. Each entry consists of a 
serial number, the title of the news, the content of the article, and a label describing the news as real 
(1) or fake (0). While the original CSV file includes 78,098 entries , this provided data frame focuses 
on 72,134 entries to maintain data quality and relevance for machine learning tasks. This study 
implements two machine learning algorithms: Logistic Regression and Naive Bayes. The Logistic 
Regression performed the best with an accuracy of 94.53% while having balanced precision, recall, 
and F1-scores of 0.95 for both the real and fake news classes. The Naive Bayes classifier gave an 
accuracy of 84.72% but had poor F1- scores since it operates under the assumption of independence 
of features. The preprocessing steps included cleaning, tokenization, and lemmatization, after which 
feature extraction was performed by using TF-IDF. Although it has given good results, this baseline 
points to the advantage of Logistic Regression in high-dimensional spaces. This study has been 
published in IEEE Transactions on Computational Social Systems and underlines the synergy of 
machine learning and deep text analysis in fighting against fake news. It provides a vision for future 
improvements in classification methods and detection systems in real-time to develop a reliable and 
trustworthy information ecosystem for further research and applications. 

Keywords: fake news detection; machine learning; logistic regression; Naïve Bayes; natural language 
processing (NLP); text classification; TF-IDF; data preprocessing; misinformation detection; feature 
extraction; model evaluation; digital media integrity; artificial intelligence 
 

1.0. Introduction 

In today’s digital age, the rise of fake news has become one of the most pressing challenges 
confronting society[1]. This phenomenon poses a significant threat not only to established media 
credibility but also to the informed decision-making of the public. The sheer volume of false 
information circulating on social media networks and various online news platforms can distort 
perceptions, manipulate opinions, and even influence crucial democratic processes[2,3]. 

The rapid spread of misinformation is often exacerbated by the ease with which it can be shared 
and amplified through digital channels. As users engage with sensationalized or misleading content, 
the integrity of reliable news sources is progressively undermined. This has created an urgent need 
for effective strategies to identify, detect, and counteract the escalation of misleading narratives[4]. 

Natural Language Processing (NLP) stands out as one of the most promising avenues for 
tackling the issue of fake news. By leveraging sophisticated algorithms and machine learning 
techniques, such as logistic regression, NLP can analyze vast amounts of textual data to discern 
underlying patterns indicative of false information. This analytical approach involves examining 
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various linguistic features—such as word choice, sentence structure, and contextual cues—that 
differentiate genuine news articles from fabricated ones[5–9]. 

Furthermore, by training machine learning models on labeled datasets of real and fake news, 
NLP systems can improve their accuracy over time, becoming increasingly adept at recognizing the 
subtle nuances of deceptive content[10]. These advancements not only empower media platforms 
and fact-checking organizations to mitigate the spread of misinformation but also enhance the 
public’s awareness and understanding of the importance of critically assessing the news they 
consume[11–13]. 

1.1. Research Goal 

The primary objective of this research study is to create a robust machine learning model capable 
of accurately identifying and categorizing news articles as either genuine or fabricated. This will be 
achieved by leveraging advanced Natural Language Processing (NLP) techniques to analyze both the 
textual content and contextual information surrounding the articles. Additionally, the study will 
employ Logistic Regression methods to enhance classification accuracy. By integrating these 
approaches, the model aims to effectively differentiate between real and fake news, thereby 
contributing valuable insights to the ongoing efforts to combat misinformation in digital media[14]. 

2.0. Objectives 

The primary goal of this study is designing and training a machine-learning-enabled natural 
language processing model for real and fake news classification. In summary, this would include: 

Making Text Data Ready: Cleaning, Tokenizing and Lemmatizing textual content in order to 
have standardized input data for machine learning models. 

Extracting Meaningful Features: Use of advanced feature extraction methods as Term 
Frequency-Inverse Document Frequency (TF-IDF) which captures linguistic and contextual patterns 
differentiating fake news from real news. The features will be later analyzed in data visualization. 

Model Development and Evaluation: Constructing the machine-learning models, especially 
Logistic Regression, to classify the data correctly and benchmark the performance of the selected one 
against other models, reflecting the reliability and robustness of that model. We will also compare 
the performances of both the models using the performance metrics and evaluate them. 

Counter Organization of Misinformation: Development of a solution that would be accurate as 
well as scalable to contribute to the reduction of blunt disinformation in the process of strengthening 
integrity in digital media platforms. 

Accomplishing these goals will allow this research to offer a highly applicable and effective 
method against fake news that leverages the potentialities of NLP and machine learning for an 
increasingly trusted information ecosystem. 

3.0. Problem Identification 

Fake news is spreading more widely in the current digital era due to the quick distribution of 
information via online channels. Fake news has the power to disturb society, sway public opinion, 
and mislead audiences[15]. Given the amount of news produced every day, the conventional 
techniques of fact-checking and manual verification are not scalable, highlighting the need for 
automated alternatives[16–19]. 

Even with data available, spotting fake news is still difficult because: 

● Fake news frequently imitates real articles in terminology, tone, and structure, it can be 
challenging to tell them apart based on superficial characteristics. 

● A model that can effectively handle massive datasets and give real-time 
categorization is required due to the abundance of internet news. 

● Accurate classification of textual material depends on the ability to recognize significant 
patterns and contextual hints. 
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● High precision and recall are difficult for many of the models that are currently in use, 
especially when handling ambiguous data and a variety of writing styles. 

4.0. Dataset Description 

Overview: 

The WELFake dataset comprises 72,134 labeled news articles, with 35,028 real and 37,106 fake 
news entries. To improve generalizability, it aggregates data from several sources, such as BuzzFeed 
Political, Reuters, Kaggle, and McIntire. The description of the important properties of the dataset is 
given below: 

Key Attributes: 

1. Rows and Columns: This dataset has 72134 rows and 4 columns. 
2. Format: The data may be easily preprocessed and used in machine learning pipelines 

because it is supplied in a CSV file format. 
3. The 4 columns of the dataset are as follows: 

id: Unique identifier for each entry. title: Headline of the news article. text: Content of the news 
article. 
Label: Label is the target variable and the binary indicator. 
0 = fake news 
1 = real news. 

Features and Importance: 

Title and Text: The main informational resources for spotting false news. These domains offer 
contextual and linguistic clues that are essential for analysis. 

Label: The binary classification goal, which makes it possible to detect bogus news using 
supervised learning. 

Characteristics: 

● A variety of writing styles are included in the collection, representing a range of news story 
forms and sources. 

● Some columns, like Title has 558 missing values and text has 39 missing values, which presents 
preprocessing difficulties but also chances to create strong solutions. 

● The dataset is ideal for evaluating the efficacy of NLP algorithms since it includes differences in 
language, tone, and structure. 

Relevance to the Problem: 

The ʺFake News Classificationʺ dataset available on Kaggle is exceptionally pertinent for 
addressing the significant challenge of detecting fake news in the current digital landscape. This 
dataset comprises a meticulously organized collection of labeled data that includes a wide variety of 
articles, distinctly categorized as either fake or genuine news. Such a structured compilation enables 
researchers and practitioners to apply advanced machine learning techniques, including but not 
limited to Logistic Regression and other classification algorithms[20–22]. 

One of the key advantages of this dataset is its capacity to facilitate in-depth analysis of various 
linguistic patterns, contextual clues, and structural characteristics that differentiate authentic articles 
from deceptive ones. This analysis is vital for overcoming common challenges in fake news detection, 
particularly the tendency of fake articles to closely mimic the tone, style, and format of legitimate 
news sources. By focusing on these nuanced elements, researchers can develop more sophisticated 
models capable of discerning subtle differences that often escape casual observation[23]. 
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Additionally, the datasetʹs substantial size and inherent diversity are critical assets for training 
robust machine learning models. With the sheer volume of news articles generated daily online, 
having a rich dataset not only enhances the modelʹs ability to learn from a broad spectrum of writing 
styles but also improves its performance in real-time classification scenarios[24,25]. This is especially 
important for news platforms and social media where immediate detection of misinformation is 
crucial. By effectively leveraging this dataset, the study aims to concentrate on creating a highly 
efficient model that achieves elevated levels of precision and recall[26,27]. 

5.0. Supportive Literature 

Logistic Regression and Naive Bayes are widely recognized because they provide good 
performance on the fake news classification, as both are simple, interpretable models. For example, 
Lai et al. (2022) conducted research where these models were implemented to classify the news into 
fake or real on a dataset of 24,204 fake and 22,970 true news articles, sourced from Kaggle and through 
web scraping. The dataset was generated between 2015 and 2018 with four structured columns. 

Following are the preprocessing steps being taken by the authors: 
Data Cleaning: Articles lacking textual content or consisting solely of images were excluded to 

maintain a high-quality dataset. 
Tokenization: Using NLTK, the articles were tokenized down to individual words to make text 

analysis easier in later stages. 
TF-IDF Calculation: Term Frequency-Inverse Document Frequency measures gave the 

magnitude of importance of words in the dataset to help in discriminating between relevant terms 
for classification. 

After Preprocessing the dataset, both the logistic regression and Naïve Bayes models were being 
trained and evaluated on the testing set as shown below: 

Table 1. Supportive Literature Metrics. 

Metrics Logistic Regression Naive Bayes 

Accuracy 88.8% 85.3% 

Precision (0) 0.89 0.85 

Precision (1) 0.89 0.86 

Recall (0) 0.88 0.86 

Recall (1) 0.89 0.85 

F1-score (0) 0.89 0.85 

F1-score (1) 0.89 0.86 

These metrics show the strengths of Logistic Regression and Naive Bayes in the given 
classification problem with Logistic Regression slightly managing to perform well as compared to 
Naive Bayes. 

6.0. Problem-Solving Approach 

6.1. Exploratory Data Analysis (EDA) 

The following analyses were conducted to gain an insight into the structure and distribution of 
the dataset: 
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Overview of Dataset Using df.info() 

It showed that there are 72,134 entries in the dataset with four columns: Unnamed: 0, title, text, 
and label. 

 
Figure 1. Overview of Data Completeness and Column Types. 

Columns title and text are of textual data type, while label represents the classification in terms 
of 0-fake and 1-real. 

Observation: 
The title and text columns had missing values which required handling to ensure data integrity. 

Statistical Summary Using df.describe() 

 
Figure 2. Statistical Summary of Dataset Attributes. 

This provided insights into the numerical column, label. 
Observation: The label column is roughly balanced, with about 51.4% real and 48.6% fake news, 

making it ideal for supervised learning without requiring significant rebalancing. 

Countplot Visualization 
A countplot was created to visualize the distribution of real and fake news articles. 

Interpretation: Countplot confirmed that the two classes were roughly equally distributed. This 
balanced dataset ensures that the model training process is unbiased and does not favor one class 
over the other. 
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Figure 3. Python Code for Visualizing Label Distribution. 

 
Figure 4. Class Distribution of Real vs. Fake News. 

Cloud Visualization 
Word clouds show word frequencies; the size of each word is indicative of how many times a 

word appeared in both the ʺReal Newsʺ and ʺFake Newsʺ articles. 
Some common keywords for both word clouds include words like ʺDonald Trump,ʺ ʺUnited 

States,ʺ ʺWhite House,ʺ ʺSaid,ʺ and ʺCountry,ʺ which point toward the subjects both focus on, largely 
being political or governmental themes. 

This indicates that both the real and fake news articles are centred around similar high- profile 
figures or themes as shown below: 
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Figure 5. WordCloud Generation Code for Text Visualization. 

 
Figure 6. Word Cloud for real news. 

 

Figure 7. Word Cloud for Fake news. 

Heatmap Visualization 
The heatmap below shows the word frequency comparison of real and fake news for some 

selected words. Colors and Intensity are used to represent the frequency of a word in either of the 
categories. The darker the color, the lower will be the frequency, and vice versa. This type of heatmap 
helps us to highlights words that may be strong indicators of real or fake news classification. 

Words like “delta” are very frequent in both the real (203) and fake (277) news as shown by 
bright yellow and green cells. Other words like “gleick” and “kasowitz” have a higher frequency in 
fake news than in real news while another set of words, for instance, “storing” and “plaguing” are 
more frequent in real news. 
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Figure 8. Generating a Heatmap to Compare Word Distributions in News Data. 

 
Figure 9. Heatmap. 

6.2. Data Preprocessing Steps 

Handling Missing Values 
Missing values in the title and text columns were replaced with empty strings to avoid issues 

during feature engineering. 
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Figure 10. Data Preprocessing Step to Replace Missing Entries. 

Text Preprocessing 
A custom preprocessing function was defined and applied to clean and standardize the text data. 

 

Figure 11. Preprocessing Function for NLP-Based Fake News Classification. 

This included: 

● Converting all text to lowercase. 
● Removing punctuation and special characters. 
● Tokenizing the text into individual words. 
● Removing stop words to retain meaningful information. 
● Lemmatizing words to reduce them to their root form. 

Reason: These steps ensure that the text data is clean, standardized, and ready for feature 
extraction, reducing noise in the dataset. 

6.3. Feature Engineering 

Combining Title and Text Columns 

A new column, content, was created with the merged title and text columns. This combined 
column will be the main input to the model. 
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Figure 12. Python Code for Merging Title and Text Columns. 

Titles and texts are often complementary pieces of information. Combining them gives the 
model a richer context with which to learn better patterns and relationships for classification. 

Preprocessing the ‘Content’ Column 

This was applied to the content column as a preprocessing function to make sure the merged 
text data is clean and ready for feature extraction. 

6.4. Splitting Dataset and Converting Text Data into TF-IDF Features 

Further, the dataset was split into training and testing sets in a 70:30 ratio, respectively, to ensure 
enough data for both training and evaluation. 

 

Figure 13. Splitting Dataset and Converting Text into TF-IDF Features. 

TF-IDF was a method used for converting textual data into numerical features. It highlights the 
importance of certain words in a document while diminishing the weight of words that are very 
frequent within the dataset. 

 

Figure 14. Converting Text Data into Numerical Feature Vectors Using TF-IDF. 

Reason: TF-IDF is ideal for classification tasks in text because it captures the relevance of words, 
hence providing a meaningful representation for machine learning algorithms. 

6.5. Model Choice 

Logistic Regression 

● Reason for Choice: 
Logistic Regression is a robust yet interpretable model, hence very suitable for binary 
classification tasks such as identifying fake news. 
It performs well on high-dimensional data like the TF-IDF feature space and is computationally 
efficient. 
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Figure 15. Fake News Detection Results Using Logistic Regression. 

Naive Bayes 
● Reason for choice: 

Naive Bayes is particularly suited for text classification tasks due to its probabilistic nature 
and ability to handle sparse data efficiently. 
This serves as a great baseline model-a fast, reliable benchmark against which more complex 
algorithms can be compared. 

 

Figure 16. Naive Bayes Model Training and Evaluation Results. 
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7.0. Performance Evaluation for the Models 

In the quest to accurately distinguish between false and genuine news articles, the logistic 
regression model emerged as a notably effective tool. Its ability to classify news content correctly was 
evidenced by balanced performance metrics, which highlighted its reliability across various criteria. 
With an impressive accuracy rate of 94.53%, the chosen feature selection methods and preprocessing 
techniques played a significant role in achieving such high levels of precision. This success 
underscores the importance of carefully selecting relevant features and rigorously preparing the data 
to enhance the modelʹs overall performance in the challenging realm of news verification. A critical 
evaluation for the performance of both the models are given below: 

Accuracy: Accuracy measures the proportion of correctly classified instances out of the total 
instances given. In this report, we can see that logistic regression shows an accuracy of 94.53% 
whereas naive bayes shows an overall accuracy of 84.72%. Logistic Regression demonstrates a 
substantial advantage over Naive Bayes when it comes to overall accuracy in classifying news 
articles. This means that Logistic Regression is better equipped to correctly identify both real news 
and fake news stories, leading to fewer misclassifications. The effectiveness of Logistic Regression 
can be attributed to its ability to analyze and model the relationship between input features and the 
target variable, allowing for more nuanced decision-making when distinguishing between these two 
categories of news. 

Precision: Precision measures the ratio of correctly predicted positive observations to the total 
predicted positive observations. In this report, logistic regression 95% and naive bayes shows 86%. 

Class 0: 
● Logistic Regression: 0.95 
● Naive Bayes: 0.86 
Class 1: 
● Logistic Regression: 0.94 
● Naive Bayes: 0.84 

Logistic Regression consistently demonstrates superior performance compared to Naive Bayes 
across both classes in the analysis. This finding suggests that Logistic Regression is more adept at 
minimizing the occurrence of false positives, which is critical in ensuring that instances are correctly 
classified. The ability of Logistic Regression to handle the underlying relationships in the data more 
effectively enhances its reliability in various predictive modeling scenarios. 

Recall: Recall measures the proportion of actual positive instances that are correctly predicted 
by the model. 

• Class 0: 
● Logistic Regression: 0.94 
● Naive Bayes: 0.82 

• Class 1: 
● Logistic Regression: 0.95 
● Naive Bayes: 0.87 

Logistic Regression demonstrates a significantly higher recall for both classes when compared 
to Naive Bayes. This means that the Logistic Regression model is more effective at identifying true 
positives, which are cases that are correctly classified as belonging to a particular class. As a result, it 
captures a larger proportion of the actual positive instances in the dataset, thereby reflecting its 
superior ability to minimize false negatives. In contrast, Naive Bayes tends to miss a greater number 
of these true positive cases, leading to lower recall rates for both classes. Overall, this suggests that 
Logistic Regression may be the more reliable choice in scenarios where accurately identifying positive 
cases is critical. 
F-1 Score: 
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F1-score is the harmonic mean of precision and recall, providing a balanced measure between 
the two metrics. 

• Class 0: 
● Logistic Regression: 0.94 
● Naive Bayes: 0.84 

• Class 1: 
● Logistic Regression: 0.95 
● Naive Bayes: 0.85 

Logistic Regression demonstrates a notably higher F1-score for both classes when evaluated. 
This improvement suggests a more effective balance between precision and recall, which is 
particularly crucial in contexts where the implications of false positives and false negatives carry 
significant costs. A higher F1-score indicates that the model is not only accurately identifying positive 
instances but is also minimizing incorrect classifications, thus providing a more reliable performance 
in scenarios where the stakes are elevated. The balanced approach of Logistic Regression makes it a 
preferred choice for applications requiring careful consideration of both types of errors.A table 
showing their comparisons is given below: 

Table 2. Comparison Metrics. 

Metrics Logistic Regression Naive Bayes 

Accuracy 94.53% 84.72% 

Precision (0) 0.95 0.86 

Precision (1) 0.94 0.84 

Recall (0) 0.94 0.82 

Recall (1) 0.95 0.87 

F1-score (0) 0.94 0.84 

F1-score (1) 0.95 0.85 

Overall comparison shows that logistic regression performs better for this dataset than Naive 
Bayes. 

8.0. Conclusion 

The goal of this report was to investigate the capabilities of machine learning models in 
identifying the differences in real and fake news. Our goal was to use Logistic regression and Naïve 
Bayes to accurately identify this problem. To address class imbalances and enhance model 
performance, the study used a variety of preprocessing methods. Our analysis revealed several key 
findings: 

1. Pre-processing: After using various pre-processing techniques such as ‘text pre- processing’ and 
feature extraction techniques such as TF-IDF we were able to monitor the performance of the 
models. Due to the pre-processing techniques logistic regression showed an accuracy of 94.53%. 

2. Performance of Logistic Regression: The logistic regression model demonstrated impressive 
performance, achieving a very high accuracy score. In addition to accuracy, it also showed 
strong results in key evaluation metrics including precision, recall, and F1 score. This indicates 
that the model not only made correct predictions most of the time, but also effectively minimized 
false positives and false negatives, providing a well- rounded assessment of its predictive 
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capabilities. Overall, the logistic regression approach proved to be a reliable choice for the given 
analysis. 

3. Implications: Using machine learning models to distinguish between fake and true news has 
important ramifications for a number of industries. It aids in the fight against false information 
in the media and journalism sector, maintaining news organizationsʹ legitimacy and confidence. 
Assuring responsible information transmission, it helps social media platforms stop the spread 
of bogus news. It protects democratic processes in the political sector by avoiding the use of 
misleading narratives to sway public opinion. Public health deals with the dissemination of false 
information about health, particularly in times of crisis such as pandemics. Additionally, it 
fosters media literacy in the education sector by offering resources for information verification 
and critical analysis. These industries may safeguard social integrity, improve decision-making, 
and promote an informed and accountable society by utilizing machine learning for fake news 
detection. 

In conclusion, this study demonstrates how machine learning may be applied to detect false 
information by providing a reliable early detection and classification technique. 

Preprocessing techniques combined with Naive Bayes and logistic regression models offer a 
powerful tool for understanding and combating the spread of false information. The logistic 
regression modelʹs superior performance demonstrates how well-suited it is for this task and makes 
it a crucial weapon in the fight against the global spread of false information. 
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