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Abstract

The rapid growth of online news has increased the need for intelligent and automated systems to
organize information and provide content recommendations tailored to users’ interests. Although
traditional approaches such as word weighting and the Naive Bayes algorithm have laid the
foundation for this field, their inability to capture deep semantic meanings and process large
volumes of data quickly has limited their practical use. In this study, a hybrid framework for news
classification is proposed that integrates classical machine learning with modern computational
linguistics technologies. The proposed method introduces three key innovations: first, domain-
specific feature extraction to identify discriminative terms; second, the use of advanced language
models to more accurately detect important words and disambiguate rare terms; and third, the
design of an optimized mechanism that maintains high accuracy while significantly improving
system speed. The model was tested on a dataset of Sina News articles across 11 categories and
achieved an accuracy of 95%, representing a significant improvement over conventional method.
The results show that the system performs exceptionally well in distinguishing semantically
distinct news categories while maintaining high speed and computational efficiency for real-world
applications. This research bridges the gap between traditional statistical methods and modern
intelligent models, offering an effective and low-cost solution for news classification systems.
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. text mining

. Natural language processing (NLP)

. sentiment analysis

. spam detection

. conversational classification

. news recommendation systems

. machine learning

. decision tree

. Support vector machine (SVM)

. deep learning

11. Convolutional neural network (CNN)
12. Long short-term memory (LSTM)
13. Recurrent neural network (RNN)

14. transformer

15. Bidirectional encoder representations from transformers (BERT)
16. Generative pre-trained transformer (GPT)
17. pre-trained language representations
18. fine-tuning

19. knowledge graphs

20. attention mechanisms

21. Google news

22. clustering algorithms
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. NetEase news

. beyond algorithm

. labels

. real-time classification

. TF-IDF

. naive bayes

. multi-modal learning

. named entity-aware TF-IDF

. parallel feature fusion architecture
0. sequential pipelines
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Input: Sina News API endpoints
Output: Classified News Articles
1. Initialize web crawler (API-based)
2. Collect data from Sina News API
3. Store retrieved data into the database
4

For each news sample in database:
a. If sample is invalid or incomplete:

Discard sample
Else:
Proceed to text cleaning
5. Perform Text Cleaning:

- Remove HTML tags, symbols, and irrelevant characters
- Normalize case and encoding

6. Tokenize cleaned text into words or terms

7. Apply Stopword Filtration:

a. If the token is a stopword — remove it
b. Else — keep the token

8. Apply Normalization:
- Lemmatization or stemming

- Ensure consistent word forms
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9. Generate Structured Output:
- Convert text to numerical vectors (TF-IDF, Word2Vec, etc.)

10. Split dataset into training and validation sets
11. Apply Machine Learning Algorithms:
a. Feature Extraction
b. Model Training (e.g., Naive Bayes, SVM, CNN)
12. Validate trained model on test set
13. Deploy validated model to system runtime
14. Return classified news categories
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Sina News Webpage

_____________________________________________________________________________________________

Data collection module

: Backend Machine Learning Module
i |Database Data preprocessing module — :
' text categorization !
. igori i
Pandas || Numpy ||Matplotlib slgeithin |

feature extraction ,
algorithm |

|

Django Server framework

.............................................................................................

User
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1. confusion matrix
2.ROC
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