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NEWS CATEGORY CLASSIFICATION WITH MACHINE LEARNING METHOD

Kittisak Kittitanusorn'", Vera Sa-ing’, Subhorn Khonthapagdee®

Abstract

The purpose of this research is to study the methods of categorizing news using machine learning
techniques with a news dataset. This dataset contains 41 news categories and 202,372 headlines from 2012
to 2018, provided by news website HuffPost. In this research, we explore techniques such as bag-of-word
and Term Frequency Inverse Document Frequency (TFIDF) techniques with five machine learning methods:
Multinomial Naive Bayes, Complement Naive Bayes, Logistic regression, LinearSVC, and Random Forest on
asymmetric classes. This challenging problem was addressed by using three sampling algorithms:
undersampling, synthetic minority oversampling technique (SMOTE), and adaptive synthetic sampling.
Results showed that logistic regression using bag-of-word techniques and SMOTE had the highest accuracy
in news classification, with Accuracy, Recall, Precision, and F1 scores of 80.69, 77.63, 77.04, and 77.31,
respectively. Using the confusion matrix, it showed that the most accurate in classifying category was Healthy

Living news which yielded 89% but the performance of classifying Sport news was quite low.
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Model Classification % Accuracy %Recall %Precision %F1 score
Multinomial Naive Bayes 80.83 77.85 76.98 77.32
Complement Naive Bayes 77.20 67.58 80.38 70.23
Logistic Regression 82.48 78.22 80.46 79.26
LinearSVC 80.28 76.15 76.84 76.47
Random Forest 78.45 71.95 78.02 74.34

TFIDF
Model Classification % Accuracy %Recall %Precision %PF1 score
Multinomial Naive Bayes 77.20 67.50 80.80 71.40
Complement Naive Bayes 75.40 65.40 77.10 68.00
Logistic Regression 81.80 75.50 81.10 77.80
LinearSVC 82.20 76.70 80.30 78.20
Random Forest 78.10 71.10 77.60 73.60
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Classifier (BOW) Sampling Algorithm | %Accuracy ’ %Recall ‘ %Precision ’ %F1 score
Undersampling 78.20 78.30 78.40 78.20
Multinomial Naive Bayes SMOTE 8032 7120 7655 71.89
ADASYN 80.41 78.34 76.45 71.26
Undersampling 78.40 78.50 78.60 78.50
Logistic Regression SMOTE 80.69 71.63 77.04 7131
ADASYN 80.48 7128 76.71 76.97
Undersampling 74.30 74.50 74.50 74.40
LinearSVC SMOTE 79.24 75.76 75.15 75.43
ADASYN 79.10 75.66 74.96 75.28
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precision recall fl-score support

0 0.67 0.64 0.66 906

1 0.69 0.67 0.68 1187

2 0.70 0.71 0.70 1035

3 0.84 0.81 0.82 3212

4 0.83 0.85 0.84 1245

5 0.66 0.64 0.65 1339

6 0.80 0.87 0.83 839

7 0.72 0.76 0.74 1735

8 0.68 0.63 0.66 791

9 0.90 0.88 0.89 6548

10 0.85 0.84 0.84 1263

11 0.79 0.80 0.80 977

12 0.87 0.90 0.88 1930

13 0.84 0.86 0.85 1977

14 0.81 0.84 0.82 3565
accuracy 0.81 28549
macro avg 0.78 0.78 0.78 28549
weighted avg 0.81 0.81 0.81 28549
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