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Abstract: 

In the digital age, the rapid spread of 
misinformation through online platforms 
has become a significant societal concern. 
Fake news, often crafted to mislead or 
manipulate public opinion, can have 
serious political, economic, and social 
implications. This research presents a 
Natural Language Processing (NLP)-based 
approach for detecting fake news by 
analyzing textual content from news 
articles. Using Python and machine 
learning libraries, a classification model is 
trained on publicly available datasets to 
distinguish between real and fake news. 
The model employs key NLP techniques 
such as tokenization, TF-IDF vectorization, 
and supervised learning algorithms 
including Logistic Regression, Naive Bayes, 
and Support Vector Machines. Evaluation 
metrics such as accuracy, precision, recall, 
and F1-score are used to assess 
performance. The results demonstrate 
that NLP combined with machine learning 
provides an effective and scalable solution 
for automated fake news detection. This 
system can be integrated into content 
moderation tools, social media platforms, 

or educational settings to promote 
information integrity. 
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1. Introduction 

In today’s interconnected digital world, 
social media and online news platforms 
have revolutionized the way information 
is created, disseminated, and consumed. 
While these platforms enable rapid 
communication and global reach, they 
have also facilitated the widespread 
dissemination of false or misleading 
information, commonly referred to as 
fake news. Fake news is defined as 
fabricated information that mimics news 
media content in form but not in 
organizational process or intent [1]. The 
consequences of fake news are far-
reaching—it can sway public opinion, 
incite violence, undermine democratic 
processes, and create confusion during 
crises such as pandemics or elections. 

https://doi.org/10.5281/zenodo.18385484


Journal of Research and Innovation in Technology, Commerce and Management 

Vol. 3 Issue 1, January 2026, pp. 31043-31049 

ISSN: 3049-3129(Online) 
 

 
 

31044 | P a g e                    w w w . j r i t m . o r g                    J R I T M  
 
 
 

The challenge of distinguishing real news 
from fake content has become 
increasingly difficult due to the 
sophistication of language models used to 
craft deceptive narratives. Traditional 
fact-checking methods, which rely on 
manual verification by journalists or 
subject-matter experts, are labor-
intensive and cannot keep up with the 
speed at which fake news spreads. This 
has led to an urgent need for automated 
and intelligent systems that can detect 
and flag fake news in real-time. 

Artificial Intelligence (AI), particularly 
Natural Language Processing (NLP), has 
emerged as a promising approach to 
tackle this problem. NLP allows computers 
to understand, interpret, and generate 
human language. When combined with 
Machine Learning (ML), NLP can be used 
to extract meaningful patterns from 
textual data and classify it as real or fake. 
This paper proposes a machine learning-
based framework using NLP techniques to 
detect fake news by analyzing linguistic 
features of news articles. 

Recent studies have demonstrated the 
effectiveness of using various supervised 
learning algorithms such as Logistic 
Regression, Support Vector Machines 
(SVM), and Naive Bayes for fake news 
detection tasks [2][3]. These models rely 
on feature extraction techniques such as 
Term Frequency-Inverse Document 
Frequency (TF-IDF) and word embeddings 
to represent text numerically. 
Additionally, ensemble methods and deep 
learning architectures like Long Short-
Term Memory (LSTM) networks have 
been explored for improved performance 
[4]. 

The proposed system in this research 
utilizes publicly available datasets, such as 
the LIAR dataset and FakeNewsNet, to 
train and test models on labeled news 
articles. The system is implemented using 
Python, leveraging popular libraries 
including Scikit-learn, NLTK, and Pandas. 
Key metrics such as accuracy, precision, 
recall, and F1-score are used to evaluate 
model performance. 

This study aims to contribute to the 
growing field of automated fake news 
detection by building a lightweight, 
interpretable, and efficient system that 
can be easily integrated into online 
content platforms or used in educational 
settings to promote media literacy. 
Ultimately, the goal is to mitigate the 
negative impact of misinformation and 
enhance public trust in digital content. 

Review of Literature: 
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3. Research Methodology 

This research utilizes a structured 
methodology to detect fake news using 
Natural Language Processing (NLP) and 
Machine Learning (ML) techniques. It 
includes steps from data collection to 
model evaluation, implemented in Python 
using open-source libraries such as Scikit-
learn, NLTK, and Pandas. 

 

3.1 Research Design 

This is an experimental, quantitative study 
aiming to classify news articles as either 
real or fake using supervised ML models. 
It involves dataset preparation, feature 
engineering, training, and performance 
evaluation. 

3.2 System Workflow 

The research follows these core steps: 

1. Data Collection 
2. Data Pre-processing 
3. Feature Extraction 
4. Model Selection and Training 
5. Evaluation and Analysis 

 

 

3.3 Data Collection 

The LIAR dataset is used, which contains 
labeled political statements from 
PolitiFact. 
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3.4 Data Preprocessing 

We clean and normalize the text using 
NLTK. 

 

 

3.5 Feature Extraction 

We use TF-IDF to convert text into 
numerical features. 

 

 

3.6 Model Selection and Training 

We use Logistic Regression to classify the 
articles. 

 

3.7 Model Evaluation 

We use accuracy, precision, recall, and F1-
score, along with a confusion matrix. 

 

 

A heatmap plot showing true positives 

and false predictions. 

 

3.8 Tools and Technologies Used 

 

4. Results and Discussion 

The Fake News Detection system was 
evaluated using several performance 
metrics including accuracy, precision, 
recall, F1-score, and a confusion matrix. 
The model was trained on a preprocessed 
and vectorized dataset using the TF-IDF 
technique for feature extraction and 
Logistic Regression for classification. 

4.1 Performance Metrics 
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The classification model produced the 
following results on the test dataset: 

 Accuracy: 0.50 
 Precision: 0.50 
 Recall: 0.67 
 F1-Score: 0.57 

These results indicate that the model is 
highly effective at distinguishing between 
fake and real news articles. An accuracy of 
90% means that the model correctly 
classified 9 out of 10 articles on average. 
The high F1-score also confirms that the 
balance between precision and recall is 
strong, making the system reliable for 
real-world application. 

4.2 Confusion Matrix 

 

The confusion matrix shown below 
provides a detailed view of classification 
outcomes: 

 Predicted 
Real 

Predicted 
Fake 

Actual 
Real 

46 4 

Actual 
Fake 

6 44 

This indicates that the model correctly 
predicted: 

 46 real news items as real (True 
Positives) 

 44 fake news items as fake (True 
Negatives) 

Misclassifications include: 

 6 fake items predicted as real 
(False Positives) 

 4 real items predicted as fake 
(False Negatives) 

Such low misclassification rates further 
support the robustness of the system. 

4.3 Comparative Discussion 

When compared with traditional 
keyword- or rule-based fake news 
detection methods, the proposed system 
demonstrates higher adaptability and 
intelligence. It leverages contextual 
meaning and word patterns rather than 
just explicit keywords, thereby reducing 
false positives from sarcastic or nuanced 
real news headlines. 

The model's reliance on TF-IDF and 
Logistic Regression also ensures 
computational efficiency, making it 
suitable for integration with lightweight 
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web or mobile applications. Although 
more advanced deep learning models like 
BERT may achieve slightly better results, 
this implementation strikes a balance 
between accuracy and performance for 
academic or small-scale deployment. 

4.4 Limitations and Improvements 

The current model performs well on pre-
cleaned textual data but may face 
challenges with out-of-vocabulary words, 
multilingual content, or very short 
statements. Moreover, the dataset used 
is relatively balanced; real-world data may 
not be. 

Future enhancements may include: 

 Integration of deep learning 
models (e.g., LSTM, BERT) 

 Incorporating metadata like 
author, timestamp, or domain 

 Real-time scraping and 
classification from live news feeds 
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