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Abstract

The research herein applies text classification with which to categorize Khmer news articles. News
articles were collected from three online websites through web scraping and grouped into nine
categories. After text preprocessing, the dataset was split into training and testing sets. We then
evaluated the performance of the ensemble learning method via machine learning classifiers with k-
fold validation. Various machine learning classifiers were employed, namely logistic regression,
Complement Naive Bayes, Bernoulli Naive Bayes, k-nearest neighbours, perceptron, support vector
machines, stochastic gradient descent, AdaBoost, decision tree, and random forest were employed.
Accuracy was improved for the categorization of Khmer news articles, in which Grid Search CV was
used to find the optimal hyperparameters for each machine learning classifier with feature extraction
TE-IDF and Delta TF-IDF. The results determined that the highest accuracy was achieved through the
ensemble learning method in the support vector machine with the optimal hyperparameters (C = 10,
kernel = rbf), using feature extraction TF-IDF and Delta TE-IDF, at 83.47% and 83.40%, respectively.
The model establishes that Khmer news articles can be accurately categorized.
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1 Introduction

The availability of the internet, smartphones, computers and online news websites enables readers to find
and read news more easily via news websites or social media platforms. News can assist readers in gaining
a broad understanding of various fields. More and more people get updates on the latest news articles
from the internet rather than the traditional method of reading a newspaper, as websites become a more
reliable source of articles over time. News websites remain an essential source of articles for education,
the economy, sports, technology, entertainment and politics. Categories of articles in news portals or
websites are necessary for online readers to find articles that they are curious about. Consequently, online
news websites need to shift their news from broad categories to specific categories to make it easy for
readers to rapidly search for news articles.

Several Cambodian news websites lack sufficient news categorization necessary to assist newsreaders in
quickly finding news articles by filtering specific news categories on their online news websites. For
instance, the popular news website freshnewsasia.com, launched in 2012, still publishes news today, yet
lacks news categorization. As a result, political news, health news and other types of news are all grouped
in only one local category, making it difficult and time-consuming for people to find news of interest.
Websites must, therefore, categorize new articles by spending time reading and analysing existing news
on their websites. To resolve this issue, text classification was applied to categorize Khmer news articles.
Text classification has been used in various languages, such as English (Luo, 2021), Arabic (Alsaleh &
Larabi-Marie-Sainte, 2021), Chinese (Li, 2022), Khmer (Buoy et al., 2021; Jiang et al., 2022), Korean (Yang
et al.,, 2022) and Spanish (Trigueros et al., 2022).

To evaluate the effectiveness of our approach, we scraped a new dataset of Khmer news articles from three
online websites (news.sabay.com.kh, rfa.org, and khmer.voanews.com) and divided them into nine major
categories: environment, politics, social, technology, land issues, human rights, health, law, and sports.
We then evaluated the ensemble method in machine learning techniques with optimal hyperparameters
to determine the most effective approach for news categorization in the Khmer language.

The main contribution of this research is a collection of Khmer news articles for text classification and
corpus construction. This research also applies ensemble methods in machine learning techniques with
optimal hyperparameters for Khmer news classification.

2 Literature Review

Text classification is a significant task in natural language processing that has been widely studied in the
literature. Researchers have compared the performance accuracies of various machine learning algorithms
for text classification in order to identify the best approach for a given dataset and task. In the study
conducted by Singh et al. (2019), the performance of the Bernoulli Naive Bayes (NB) classifier was
compared to the Multinomial NB classifier using a dataset with both a news and polarity column. The
results showed that the Multinomial NB classifier had greater accuracy than the Bernoulli NB classifier.
One potential advantage of the study is that it directly compares the performance of two specific
algorithms, allowing a more detailed analysis of their relative strengths and limitations. However, it
should be noted that the dataset used in the study may not be representative of all text classification tasks,
and the results may not necessarily generalize to other datasets or languages.

In another study, Azam et al. (2018) used text classification for a dataset owned by Elsevier with five
different categories: finance, medicine, agricultural & biological sciences, mathematics, and engineering.
They found that the k-nearest neighbour (KNN) algorithm achieved greater accuracy than the Naive
Bayes. The study is notable for its use of a larger and more diverse dataset, which may make the results
more generalizable to other tasks and languages.
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Dlamini et al. (2021) demonstrated that the support vector machine was the best classifier when compared
to the Naive Bayes and k-nearest neighbour. The study is notable for its comparison of multiple algorithms
and its use of a cross-validation approach, which can help reduce the risk of overfitting and improve the
robustness of the results. However, it is worth noting that the support vector machine can be sensitive to
the kernel choice and may not always perform well on smaller or less structured datasets.

Wongso et al. (2017) used text classification to categorize Indonesian news articles. They collected a dataset
of 5,000 documents from a specific website and used 1,000 documents in five categories: health, economy,
politics, sports, and technology. Through the use of the feature TF-IDF and the Bernoulli Naive Bayes
algorithm, they achieved an accuracy rate of 98.2%. A slightly higher accuracy (98.4%) was obtained using
a combination of TF-IDF and the Multinomial Naive Bayes (MNB) algorithm. The study is notable for its
use of a large dataset and its comparison of multiple algorithms, but it is worth noting that the results may
not generalize to other languages or tasks due to the specific dataset and pre-processing methods used.

Barua et al. (2021) developed a k-nearest neighbour classifier for a multiclass dataset, which was organized
by Fahmi (Nurfikri & Mubarok, 2018) to identify categories of news articles. Their pre-processing steps
consisted of case folding, data cleansing, stop-word removal and tokenization. After pre-processing, they
used feature TF-IDF with 10-fold cross-validation to separate the test set and training set on the k-nearest
neighbour classification model. Their greatest accuracy was 96.71%.

Dhar & Abedin (2021) collected data from well-known online news portals in three categories: sports (158
documents), health (158 documents) and technology (158 documents). In their data pre-processing, they
removed digits, punctuation marks, symbols and stop words from documents and tokenized data. To
categorize news documents, they used various ML algorithms, such as the support vector machine, k-
nearest neighbour and NB. Through the use of a feature extraction vectorizer, TF-IDF, and optimized
machine learning, they achieved an average accuracy of 81% for news categorization.

Buoy et al. (2021) performed research on text classification for the Khmer language using neural networks
with word embedding. They collected a dataset that contained 13,902 articles, which were labelled by the
article authors. In their experiment, they achieved the highest Fl-score of 85.3% for the multi-label
classification task.

Jiang et al. (2022) conducted news categorization task using a dataset of 7,166 Khmer news articles scraped
from khmer.voanews.com. In their experiments, they utilized pre-trained models and fine-tuned on the
Khmer news dataset to classify the articles into the 8 different categories. The experiment results showed
the highest news classification accuracy of 70.61% after utilizing EasyEnsemble.

3 Proposed Methodology

In this study, we illustrate how we categorized Khmer news articles using the ensemble learning method
in machine learning models and feature extraction techniques with optimal hyperparameters. Our
methodology includes four main modules: data collection, text preprocessing, hyperparameter
optimization and evaluation of the machine learning module. An overview of the proposed methodology
is shown in Figure 1. The limitation of the study is that it assumes that each news article can only belong
to one category. In total, there are nine categories of the news. These assumptions may lead to an
underestimation of the performance of the proposed approach and a less accurate representation of the
news articles and their contents.
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Figure 1. Overall system architecture.

3.1 Data collection

We scraped Khmer news articles from news.sabay.com.kh, a popular Khmer website with over 20 million
page views; rfa.org, a website that publishes independent online news in Asia; and khmer.voanews.com,
a Khmer news website headquartered in Washington, D.C. We gathered headlines and content from
Khmer news articles in nine major categories: environment, politics, social, technology, health, law,
human rights, land issues, and sports. Each article that we collected was categorized by the news article's
authors and was published from January 2013 to September 2022. We utilized the HTTP library of
Python® (Sovietov & Gorchakov, 2022) to send http requests to a specified URL that we needed to access
to get the HTML content of the webpage from the server. We then used Beautiful Soup (Zheng et al., 2015),
which is a Python® library for retrieving data from HTML content. To parse raw HTML content into a
tree structure or nested data, we used html5lib (Uzun et al., 2018) which is a pure-Python® library. The
following pseudo-code explains the implementation of data collection.
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Algorithm 1: Pseudo-code to collect URLs of news articles from categories

Input: URL of news category (e.g., https://news.sabay.com.kh/ajax/topics/sport/)
Output: URL list of news articles which contain in each news category

1 Initialize URL_list
2 ForiIn first_page_number To last_page_number // pagination iteration
4 send a HTTP request to url (e.g., https://news.sabay.com.kh/ajax/topics/sport/i)

5 parse HTML content to tree structure of HTML data using Python® library
Beautiful Soup with html5lib

6 get URL of news article by HTML href Attribute
7 append URL of a news article to URL_list

8 iei+l1

9 End For

Algorithm 2: Pseudo-code to collect headlines and contents of news articles

Input: URL list of news articles
Output: headlines and content of news articles

1  ForiIn URL_list (we got URL_list from Algorithm 1)
2 send a HTTP request to i

3 parse HTML content to tree structure of HTML data using Python® library
Beautiful Soup with html5lib

4 access headline by HTML class name (“title detail”) with HTML tag p for website
news.sabay.com.kh, HTML h1 tag for website rfa.org, and HTML title tag for
website khmer.voanews.com

5 access content by HTML class name ("detail content-detail”) with HTML tag p
for website news.sabay.com.kh, HTML id name ( "storytext”) for website rfa.org and
HTML tag p for khmer.voanews.com

6  End For

We scraped a total of 21,685 Khmer news articles from the websites news.sabay.com.kh, rfa.org and
khmer.voanews.com. The average number of words in each news article was 554, and the number of
Khmer news articles in each category is displayed in Figure 2. Our dataset contained the headline, content
and class columns, which were labelled by the news article authors of each Khmer news website. Table 1
shows examples within the dataset for Khmer news articles.
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Table 1. Examples of dataset for Khmer news articles.

Volume 12, 2023

Headline Content Class
gnuffuuianss.... rsanuduuianspnyfapaghviags.... 0
(Environmental monitors say...) | (Environmental monitors react to (Environment)
the Ministry of Environment...)
ufnouedin oweuBpnme... w|nymingueiin Simuammuneg... 1
(Civil society officials demand law (Civil society officials urge (
enforcement...) provincial authorities...)
[nugRimah fufemnnwaibons Sadeqmd... grufiusimnnmwaandns... 2
(Analysts say the 2021 political (Political observers observe (Politics)
crisis will not improve...) that...)
ngeipaafitimds ilgwenanmian:édsn... [rgpipaafiiaemumand memds... 3
(Ministry of Posts creates digital (The Ministry of Posts and (Technology)
public service system...) Telecommunications
established...)
fgprifmnindys Sagaye... pmuissAgprifannnduoinoogy... 4
(The best young players will (Here are the top 10 young (Sports)
attend...) players...)
spmim S migiivaaemngifauad... gifwnpnmsidyiam... 5
(UNICEF concerned about the (United Nations Children's (Health)
mental health of Cambodian Fund...)
youth...)
pilgmindisinymai... HRIMAREN M. . 6
(The Cambodian justice system (Political analysts say...) (Law)
should...)
nauigmetnsdmyty... winasdiemmang medmnidf... 7

(Citizens have land disputes

(Koh Kong Communities have

(Land issues)

with...) land disputes...)
mpud]aamudsns... [Fatgmmunfita... 8
(Vietnamese authorities have not | (A Khmer Krom woman who...) (Human
yet...) rights)
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Figure 2. Numbers of categorized Khmer news articles.

3.2 Text pre-processing

Text cleaning or text pre-processing is a technique that has been utilized to remove outliers and
meaningless data to improve the validity of a dataset. Moreover, text pre-processing, such as removing
numbers or lemmatization, is a task necessary to improve accuracy (Symeonidis et al., 2018). The Khmer
language is written without spaces between words and, as a low-resource language, text preparation for
Khmer news articles is challenging. We used a Khmer word segmentation using conditional random fields
(CRF) created by (Chea et al., 2015) to tokenize words in the Khmer language. For text classification, a
variety of text pre-processing techniques were used extensively to reduce the text length and increase the
validity of the dataset. In Khmer news articles, the content does not contain emoticons or emojis, and word
spelling errors are also checked by the journalist or news editor before the news is published. The research
herein therefore utilizes five steps in data preprocessing: space and tab removal, punctuation removal,
number removal, English removal, and Khmer word segmentation.

Space and tab removal

Khmer news articles were collected by scraping HTML tags containing blank spaces, whitespaces
or tabs. We used the “replace” method of Python® programming to replace all whitespaces, blank
spaces and tabs with an empty character.

Punctuation removal

Journalists utilize punctuation such as exclamation marks, question marks, periods, parentheses
and commas to separate sentences in news articles. We replaced punctuation with empty
characters using the “replace” method within the built-in libraries in Python®.

Number removal

Numbers reveal nothing about text analysis and harm accuracy when computing similarity
(Khamphakdee & Seresangtakul, 2021a). In this step, we used a regular expression module, which
is a built-in package in the Python® programming language, to remove numbers utilized in the
news.
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English removal

Khmer news articles also contain the English language, which has a negative impact on Khmer
word segmentation. We utilized the regular expression to remove all English language in our
dataset.

Word segmentation

In written Khmer, there is a lack of standardization for the use of spaces or dividers between words.
To overcome this challenge, we applied Khmer word segmentation using conditional random
fields (CRF) created by Chea et al. (2015). By using CRF, we were able to accurately tokenize the
Khmer words in our dataset, which is an important step in preparing the data for text classification.

3.3 Feature extraction

Feature extraction can improve the accuracy and execution time of a machine learning classification model
(Liang et al., 2017). The major purpose of feature extraction is to minimize dimensionality and reduce
unnecessary attributes to improve the text classification technique (Vidhya et al., 2016). Khamphakdee &
Seresangtakul (2021b), who investigated text classification for the Thai language, found that, among the
feature extraction techniques applied (TF-IDF, N-Gram, Delta TF-IDF and Word2Vec), the Delta TF-IDF
and TF-IDF feature extraction achieved higher accuracy than the bigram and trigram feature extraction.
As a result, in this study, we used both Delta TF-IDF and TE-IDF feature extraction techniques to convert
Khmer news articles into a feature matrix, as Khmer and Thai are languages that are closely related and
share many similarities.

TE-IDF

TF-IDF is a method of extracting keywords from documents depending on their contents. The
mathematical formula of word significance within their contents was included in the TF-IDF (Yao et al.,
2019). TF and IDF are two essential parts of the TF-IDF, given in Equation 1. Equation 2 represents the IDF
as a constant per corpus and accounts for the ratio of documents that features that specific term. TF is the
frequency of any term in a given document, expressed in Equation 3.

TFIDF = TF(t,d) x IDF(t,d) 1)

Total number of documents d

IDF(t,d) = log 2)

Number of documents with term t in it

TF(t,d) = Number of times term t appears in document t )
S Total number of terms in document d

Delta TF-IDF

For classification purposes, the Delta TF-IDF method was used to convert a term into a numeric matrix,
which is simple to calculate, utilize and comprehend (Martineau & Finin, 2009). Delta TF-IDF is generally
associated with text classification tasks when a dataset belongs to more than one class. In our dataset, we
used the feature Delta TF-IDF to extract Khmer news articles that belong to more than one class. Delta TF-
IDF computed the various TF-IDF scores of words in the training corpus negative and positive classes via
Equations 4, 5 and 6.
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|P|> (IN |)
Vig = Cpq *log <— — Cpq*logs | — (4)
td td 2 P, td 2 N,
Vig = Cpq*log (W_M) )
t,d t,d 2 Pthl
|Ne|
Via = Cea *log D (6)
t

where V, ; denotes the feature value of the word in the context inside the document d, C, ; indicates how
frequently the word t occurs in the document d, P, denotes the quantity of the training set documents that
have positive labeling for the term ¢, | P| denotes the number of training set documents that do not have
positive labelling, N; represents the number of negative documents containing the term t, and IN| is the
amount of training set documents that have not been negatively labelled.

3.4 Ensemble learning method

Ensemble learning is a method that boosts classification problem accuracy and reliability (Mousavi &
Eftekhari, 2015). The ensemble learning method can be used to increase the accuracy of any machine
learning model by combining classifications or predictions (Seni & Elder, 2010). Bagging is a classifier of
the ensemble learning method, which can reduce overfitting and improve the accuracy of the machine
learning algorithm (Ponnaganti & Anitha, 2022; Sahoo et al., 2021). In our work, we utilized a bagging
classifier with ten estimators in eleven machine-learning models. Figure 3 displays the bagging classifier
of the ensemble learning method flow.
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Figure 3. Bagging classifier of ensemble learning method flow.

3.5 Machine learning classification model

We chose machine learning for our dataset of 21,685 Khmer news articles, as deep learning requires large
datasets and powerful computing resources (Kowsari et al., 2019). Various machine learning techniques
have undergone scrutiny in performance accuracy comparisons. Singh et al. (2019) found that the accuracy
of the Multinomial NB classifier was superior to the Bernoulli NB classifier. Furthermore, Azam et al.
(2018) demonstrated that the k-nearest neighbour (KNN) algorithm outperformed the Naive Bayes
algorithm in terms of accuracy. Dlamini et al. (2021) proved that the support vector machine (SVM) was
superior to both the Naive Bayes and k-nearest neighbour classifiers. Maldonado et al. (2014) found that
the SVM performs significantly better when handling numerical features and high-dimensional datasets.
While researchers have confirmed the better performance of the SVM, we still must implement a variety
of machine learning classifiers to determine which model provides the best performance for the Khmer
language dataset. In our research, there are 11 machine learning classifiers, including logistic regression
(Huetal., 2022), Complement Naive Bayes (Umar & Nur, 2022), Bernoulli Naive Bayes (Verma et al., 2020),
k-nearest neighbours (Babi¢ et al., 2020), perceptron (Sagheer et al., 2019) , support vector machines
(Petridis et al., 2022), stochastic gradient descent (Bianchi et al., 2022), AdaBoost (Lee et al., 2022), decision
tree (Arabameri et al., 2022) and random forest (Khan et al., 2022).

4 Experiment and Results

In our experiment, the dataset was split into training and testing sets at an 80:20 ratio, with 17,348 and
4,337 news articles in the training and testing sets, respectively. We combined headlines and content of
Khmer news articles and began text pre-processing (space and tab removal, punctuation removal, number
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removal, English removal and word segmentation). All news articles were converted into vectors of
features through Delta TF-IDF and TF-IDF vectorization. Optimal hyperparameters improved the
accuracy of the supervised learning algorithms. We used Grid Search cross-validation to find the optimal
hyperparameters for each machine learning classifier to improve the accuracy of the categorization of
Khmer news articles. Grid Search cross-validation, a library of the scikit-learn framework (Buitinck et al.,
2013), provided methods that we utilized in the optimization hyperparameters. The optimal
hyperparameters for each machine learning classification model are given in Table 2.

After finding optimal hyperparameters for each model, we evaluated the performance of the bagging
classifier in machine learning classifiers with k-fold validation (k=10), where k denotes the number of
groups or folds in a given data sample. We utilized the open-source framework scikit-learn (Buitinck et
al.,, 2013) to investigate the performance of each classification model. The following formulas (7, 8, 9, and
10) were used to evaluate each machine learning classifier.

| ~ TP + TN -
CUracY = TP Y TN + FP + FN
TP
Recall = —— 8
e = TP ¥ FN ®
TP
Precision TP + FP )

2(Precision X Recall)
F1 = 10
score Precision + Recall (19

Where FP is the number of false positives, TP is the number of true positives, TN is the number of true
negatives and FN is the number of false negatives (Gamal et al., 2019). The experiments were run on
Google Colab's virtual machines utilizing the specifications, which include 2 vCPUs, 13 GB of RAM, an
Nvidia Tesla K80 GPU with 12 GB of GPU memory, 30 GB of persistent disk storage, and a 1 Gbps network
connection. Table 3 shows the results of the evaluation for ensemble learning in each machine learning
classifier using the optimal hyperparameters. The eleven machine learning algorithms produced
significantly different values of accuracy at p < 0.05. Figures 4 and 5 display the evaluation results of all
models using the feature extractions TF-IDF and Delta TF-IDF, respectively. Based on descriptive statistics,
the highest accuracy was achieved by the support vector machines using feature extractions TF-IDF and
Delta TE-IDF, at 83.47% and 83.40%, respectively. Table 3 illustrates that feature extractions TF-IDF and
Delta TF-IDF with the SVM models that achieved the highest F1 scores, precision and recall.

As aresult, the best-performing of the machine learning algorithms trained on our dataset was the support
vector machine classification model with optimal hyperparameters (C = 10, kernel = rbf). Figure 6 shows
a comparison of the Delta TF-IDF and TF-IDF features in terms of accuracy. Feature extraction Delta TF-
IDF and TF-IDF produced different values of accuracy, but not significantly at p > 0.05.

Table 2. Optimal hyperparameters.

Classification model Hyperparameter

Multinomial Naive Bayes (MNB) tit_prior = False, alpha =0.5

Logistic regression (LR) penalty =12, C=10, solver = liblinear

Complement Naive Bayes (CNB) norm = False, alpha= 0.5, fit_prior = True
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Classification model

Hyperparameter

Bernoulli Naive Bayes (BNB)

fit_prior = True, alpha= 0.5

K-nearest neighbour (KNN)

n_neighbors = 4, weights = distance, algorithm = auto,
leaf size=1,p=2

Perceptron

penalty =12, eta0 = 0.01, max_iter = 50

Support vector machines (SVM)

C =10, kernel = rbf

Stochastic gradient descent (SGD)

loss = squared_hinge, penalty =12, alpha = 0.01

AdaBoost (ADA)

n_estimators = 500, learning_rate = 1.0

Decision tree (DT)

criterion = gini, splitter = best, max_depth = None,
min_samples_split =2, min_samples_leaf=1

Random forest (RF) n_estimators = 40, max_features = auto, criterion = gini,
max_depth = None, min_samples_split =2,
min_samples_leaf =2

90,00%

80,00%

70,00%
60,00%
50,00%
40,00%
30,00%
20,00%
10,00%

Q ot & Q
S S & 8

K\

0,00%

M Accuracy

\ $ &

&> N Q
& &S S ®
‘(a
Qz

M Precision 1 Recall ®F1 Score

Figure 4. Evaluation results of all models using feature extraction TF-IDF.
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Table 3. Evaluation results for each machine learning classifier using optimal hyperparameters.

Machine Feature | Accuracy | Precision | Recall F1- Training | Testing
learning extraction (%) (%) (%) score time time
classifier (%) (sec) (sec)
Multinomial TE-IDF 78.83 78.22 77.98 77.99 12. 53 1.23
Na(ll‘\]/ﬁ\?g = DeigFTF' 78.33 77.78 | 7733 | 7736 | 16.21 1.31
Logistic TEF-IDF 81.72 81.02 80.97 80.90 18. 61 1.22
reg(r&s:)m DeigFTF' 81.69 80.90 | 80.94 | 80.81 | 18.92 1.27
Complement TEF-IDF 77.01 76.38 75.37 74.74 12.32 1.22
Na?g\%iyes De}gFTF' 76.80 7628 | 7521 | 7447 | 15.43 127
Bernoulli TEF-IDF 68.85 67.45 68.10 67.49 6.19 1.26
Nal(;\IBBE;yeS DQ}SFTF' 68.85 67.45 68.10 | 67.49 | 15.31 1.29
K-nearest TEF-IDF 78.33 78.07 77.58 77.56 18. 87 10.19
nif;]ﬁ)u ' DQ}E‘FTF' 77.22 7736 | 7649 | 7650 | 30.63 | 1155
Perceptron TEF-IDF 80.36 79.70 79.74 79.61 2.98 1.24
De}’;\FTF— 80.82 80.30 80.14 80.17 15.11 1.28
Support vector TEF-IDF 83.47 82.95 82.83 82.84 168. 31 55.72
m(zcxl;ﬁf i De}E‘FTF' 83.40 8287 | 8273 | 8275 | 179.73 | 56.06
Stochastic TE-IDF 77.82 76.85 76.61 76.20 2.88 1.22
deiiilgém De}E‘FTF' 75.28 7414 | 7407 | 7346 | 16.12 1.28
AdaBoost TE-IDF 64.56 65.54 64.01 63.07 90. 82 2.79
(ADA) De}’;FTF_ 66.64 67.58 65.72 65.11 93. 81 2.70
Decision tree TE-IDF 77.86 77.23 76.42 75.95 491 1.24
- De}’glFTF— 69.84 68.79 68.77 68.60 21.11 1.30
Random forest TE-IDF 70.88 69.77 69.77 69.54 4.87 1.34
(D) De}’glFTF— 77.89 77.40 76.49 75.98 21.14 1.36

https://doi.org/10.18267/j.aip.210

256



Acta Informatica Pragensia Volume 12, 2023

5 Conclusion and Future Work

To categorize Khmer news articles, we scraped data from three websites (news.sabay.com.kh,
khmer.voanews.com and rfa.org) gathering both the headlines and contents of Khmer news articles. We
then developed categories (environment, politics, social, technology, health, law, human rights, land
issues, and sports) using Beautiful Soup; which is a web scraping library and Python® programming
language. Beautiful Soup works as a tool to write scripts extracting only the desired information from a
particular web page. We optimized the hyperparameters for each machine learning classifier with
preprocessing data, namely space and tab removal, punctuation removal, number removal, English
removal and word segmentation. To define the most suitable supervised learning technique for the
categorization of Khmer news articles, we implemented the ensemble learning method in various machine
learning classification models; such as logistic regression, Complement Naive Bayes, perceptron, Bernoulli
Naive Bayes, support vector machine, k-nearest neighbours, stochastic gradient descent, AdaBoost,
decision tree, and random forest. The optimal hyperparameters were determined using k-fold cross-
validation and the TF-IDF and Delta TF-IDF features. Grid Search CV was also used to improve the
accuracy of the categorization of news articles in Khmer.

The highest accuracies were achieved by the support vector machine using the TF-IDF and Delta TE-IDF
feature extraction methods, at 83.47 % and 83.40 %, respectively. These results demonstrate the
effectiveness of the SVM algorithm for text classification in the Khmer language, and suggest that feature
extraction methods such as TF-IDF and Delta TF-IDF can be useful for improving the performance of text
classification models.

This study investigated the ensemble learning method in various machine learning models for Khmer text
classification, which is useful for low-resource languages such as Khmer, while deep learning requires
large datasets and powerful computing resources (Kowsari et al.,, 2019). Additionally, pre-training has
several limitations, such as the inability to fully comprehend the diverse meanings of a word in a particular
context, the high memory usage required for storage, and the incapacity to identify out-of-vocabulary
words from the corpus (Kowsari et al., 2019).

This study also contributed to the collection of text classification data for Khmer news articles, which can
be used in future research. In the future, we plan to collect more Khmer news articles and news categories
in order to further expand the scope of our study and explore the use of ensemble learning in deep learning
models with optimal hyperparameters to improve the performance of multi-class text classification on
Khmer news articles.
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