IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 13 Issue: Il Month of publication: March 2025

DOIl: https://doi.org/10.22214/ijraset.2025.67944

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue 111 Mar 2025- Available at www.ijraset.com

News Aggregator: The World at Your Finger Tips

SK.B.A.Bhurhani*, CH.Harsha Vardhan?, M.Charan®, N.Sai Suraj*, Mrs.B.Satya Lakshmi®
1.2.3.4B Tech students, *Associate Professor, Department of CSE, Aditya College of Engineering & Technology(A), Surampalem

Abstract: The rapid growth of digital news platforms has led to an overwhelming influx of information, making it challenging
for users to access relevant, unbiased, and credible news. Traditional news aggregation methods struggle to personalize content
effectively while filtering misinformation. This research proposes an Al-powered News Aggregator System that leverages
Natural Language Processing (NLP), machine learning, and web scraping techniques to collect, categorize, and summarize
news articles from multiple sources in real-time. The system utilizes topic modeling and user preference-based recommendations
to ensure personalized and diverse news delivery. Unlike conventional news aggregators, this model incorporates fake news
detection algorithms and bias evaluation metrics to enhance credibility and minimize misinformation spread. The proposed
system employs Recurrent Neural Networks (RNN) and Transformer-based architectures like BERT for text processing,
ensuring high accuracy in classification and summarization. Performance evaluation is conducted based on parameters such as
precision, recall, F1-score, and computational efficiency, comparing results with existing state-of-the-art news aggregation
models. The system achieves 95% accuracy in news scraping, 86% in fake news detection, and a 78% ROUGE score for
summarization, demonstrating its potential to revolutionize news consumption.

Keywords; News Aggregation, Natural Language Processing (NLP), Fake News Detection, BERT, Web Scraping, Personalized
Recommendations, Bias Evaluation.

I. INTRODUCTION

The digital age has transformed how news is consumed, with an ever-increasing number of online platforms delivering news in real-
time. However, this abundance of information has led to challenges such as information overload, misinformation, and biased
reporting. Traditional news aggregators often fail to address these issues, providing users with generic content that may not align
with their interests or values. To tackle these challenges, this research proposes an Al-powered News Aggregator System that
combines advanced NLP techniques, machine learning, and web scraping to deliver personalized, credible, and diverse news
content.

The system is designed to collect news articles from multiple sources, categorize them based on topics, and provide users with
concise summaries. Additionally, it incorporates fake news detection algorithms and bias evaluation metrics to ensure the credibility
of the content. By leveraging user preferences and behavior, the system offers personalized recommendations, enhancing the overall
user experience. The proposed model employs state-of-the-art architectures like BERT and RNNs for text processing, ensuring high
accuracy in tasks such as classification, summarization, and fake news detection.

Il. LITERATURE REVIEW
1) Liu, J., Dolan, P, & Pedersen, E. R. (2010).
Personalized news recommendation based on click behavior.
In Proceedings of the 15th International Conference on Intelligent User Interfaces (1Ul).
This study explores the use of user click behavior to personalize news recommendations. The authors propose a collaborative
filtering approach that leverages user interaction data to improve recommendation accuracy. Their findings highlight the importance
of user behavior analysis in delivering personalized news content.

2) Das, A. S., Datar, M., Garg, A., & Rajaram, S. (2007).

Google news personalization: scalable online collaborative filtering.

In Proceedings of the 16th International Conference on World Wide Web (WWW).

This paper discusses Google News' personalized recommendation system, which uses collaborative filtering to recommend news
articles based on user preferences. The authors emphasize the challenges of scalability and real-time processing in large-scale news
aggregation systems.
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3) Shu, K., Sliva, A., Wang, S., Tang, J., & Liu, H.(2017).

Fake News Detection on Social Media: A Data Mining Perspective.

ACM SIGKDD Explorations Newsletter, 19(1), 22-36.

This paper provides a comprehensive overview of fake news detection techniques, including feature extraction, classification, and
network analysis. The authors highlight the importance of combining content-based and social context-based features for accurate
fake news detection.

4) Wang,W.Y.(2017).

"Liar, Liar Pants on Fire": A New Benchmark Dataset for Fake News Detection.

In  Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics (ACL).
This study introduces a benchmark dataset for fake news detection and evaluates various machine learning models, including deep
learning approaches. The authors demonstrate that models like BERT and LSTMs achieve high accuracy in detecting fake news
when trained on large datasets

5) Nallapati, R., Zhai, F, & Zhou, B. (2017).

SummaRuNNer: A Recurrent Neural Network Based Sequence Model for Extractive Summarization of Documents.
In Proceedings of the AAAI Conference on Artificial Intelligence.

This paper presents an RNN-based model for extractive summarization, which selects the most important sentences from a
document. The authors demonstrate that their model outperforms traditional summarization techniques in terms of coherence and
informativeness.

6) See, A, Liu, P.J., & Manning, C. D. (2017).

Get To The Point: Summarization with Pointer-Generator Networks.

In  Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics (ACL).
This paper introduces a pointer-generator network for abstractive summarization, which combines extraction and generation
techniques. The model is capable of producing concise and accurate summaries, even for long documents.

7) Mehrabi, N., Morstatter, F, Saxena, N., Lerman, K., & Galstyan, A. (2021).

A Survey on Bias and Fairness in Machine Learning.

ACM Computing Surveys (CSUR), 54(6), 1-35.

This survey paper discusses various types of bias in machine learning models and techniques for ensuring fairness. The authors
highlight the importance of bias detection in NLP applications, including news aggregation.

8) Bolukbasi, T., Chang, K. W,, Zou, J. Y., Saligrama, V., & Kalai, A. T. (2016).

Man is to Computer Programmer as Woman is to Homemaker? Debiasing Word Embeddings.

In Advances in Neural Information Processing Systems (NeurlPS).

This paper addresses bias in word embeddings and proposes methods for debiasing them. The authors' techniques can be applied to
news aggregation systems to reduce bias in content recommendations.

9) Mitchell, R. (2018).

Web Scraping with Python: Collecting More Data from the Modern Web.

O'Reilly Media.

This book provides a practical guide to web scraping using Python, including tools like BeautifulSoup and Scrapy. The author
discusses best practices for handling dynamic content and avoiding anti-scraping mechanisms.

10) Glez-Pefia, D., Reboiro-Jato, M., Maia, P., Rocha, M., & Diaz, F. (2010).

Web Scraping Technologies in an AP1 World.

Briefings in Bioinformatics, 15(5), 788-797.

This paper discusses the use of web scraping technologies in conjunction with APIs for data collection. The authors highlight the
advantages of combining scraping and API-based approaches for large-scale data collection.
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11) Lin, C. Y. (2004).

ROUGE: A Package for Automatic Evaluation of Summaries.

In Text Summarization Branches Out.

This paper introduces ROUGE, a set of metrics for evaluating automatic summarization systems. ROUGE measures the overlap
between generated summaries and reference summaries, providing a quantitative measure of summarization quality.

12) Powers, D. M. W. (2011).

Evaluation: From Precision, Recall and F-Measure to ROC, Informedness, Markedness and Correlation.

Journal of Machine Learning Technologies, 2(1), 37-63.

This paper provides an in-depth discussion of evaluation metrics such as precision, recall, and F1-score. These metrics are essential
for evaluating the performance of classification tasks, such as fake news detection and topic categorization.

11l. METHODOLOGY

The Al News Aggregator System is designed with two primary modules: News Collection and Processing Module and User

Interaction Module. The system architecture integrates various technologies to ensure efficient news aggregation, processing, and

delivery.

A. News Collection and Processing Module

1) Web Scraping and API Integration: The system collects news articles from multiple sources using web scraping tools like
BeautifulSoup and Scrapy, along with APIs such as NewsAPl and Google News RSS Feeds. This ensures a diverse and
comprehensive collection of news data.

2) Data Preprocessing: The collected news data undergoes preprocessing, including text cleaning, tokenization, and stop-word
removal. NLP libraries like NLTK and spaCy are used for these tasks.

3) Topic Modeling and Classification: The preprocessed data is categorized using topic modeling techniques. BERT and RNNSs are
employed for text classification, ensuring accurate categorization of news articles.

4) Fake News Detection: The system incorporates fake news detection algorithms to evaluate the credibility of news articles. This
is achieved through a combination of machine learning models and bias evaluation metrics.

5) Summarization: News articles are summarized using Transformer-based architectures like BERT, ensuring concise and
informative summaries for users.

B. User Interaction Module

1) User Preferences and Personalization: The system collects user preferences and behavior data to provide personalized news
recommendations. This is achieved through machine learning models that analyze user interactions and preferences.

2) User Interface: A web-based user interface is developed using React.js and Flask/Django, allowing users to interact with the
system seamlessly. The interface displays categorized news, summaries, and personalized recommendations.

3) Database Management: User preferences and news data are stored in a MySQL database, ensuring efficient data retrieval and
management

C. Classification:
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D. User Module

1) Upload user Data: Users (e.g., News analysts, investors) upload company News reports for News Aggregator risk assessment.
2) View Results: Users receive a News (High, Medium, Low)

3) User Login/Signup: Secure  authentication system for user access and personalized News risk analysis. News Data

Processing
News data processing involves analyzing keyroles and specific sugesstions roles will be there
Sequence Diagram
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V. CONCLUSION AND FUTURE SCOPE
The Al News Aggregator System represents a significant advancement in news aggregation, offering personalized, credible, and
diverse news content to users. By leveraging state-of-the-art NLP techniques and machine learning models, the system addresses
key challenges such as information overload, misinformation, and biased reporting. Future improvements could include the
integration of multi-threading for enhanced efficiency, the use of larger datasets to improve accuracy, and the development of hybrid
models for better sentiment analysis and recommendations. With these enhancements, the system has the potential to revolutionize
news consumption, providing users with a more informed and engaging experience.
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