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Abstract

The research aimed to extract semantic fields from Arabic online news and
advance Natural Language Processing (NLP) applications in
understanding and managing news information effectively. It provides a
comprehensive approach to processing and analyzing large volumes of
Arabic news data by integrating semantic field analysis, NLP, and
computational linguistics. Using quantitative methods, Arabic news
articles were collected and processed with Python, a popular
programming language in data analysis, and applied various NLP
techniques and machine learning models to accurately extract semantic
fields. The primary objective was to evaluate the effectiveness of different
classification models in categorizing Arabic news and to identify the most
suitable model for semantic field extraction. The research evaluated five
classification models: Naive Bayes, Support Vector Machine (SVM),
Logistic Regression, Random Forest, and Gradient Boosting. Among
these, SVM achieves the highest overall accuracy of 90%. Specifically,
SVM demonstrated exceptional performance in categorizing sports-related
news, with a 99% probability and an F1-Score of 98%. However, it faced
challenges in categorizing health and science news, achieving a lower F1-
Score of 79%. Overall, the study demonstrated the effectiveness of
computational methods, particularly SVM, in classifying Arabic news and
extracting semantic fields, thereby advancing NLP and computational
linguistics. The findings highlighted the potential of SVM for accurate
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news analysis and the need for further enhancement of NLP techniques to
address multilingual and domain-specific challenges.

Keywords: Computational linguistics, natural language processing,
semantic field.

1. INTRODUCTION

The digital landscape is evolving rapidly and the proliferation of information
accessible via online platforms continues unabated, encompassing a wide array of
online news sources, including those in Arabic. Online news has emerged as a principal
reservoir of information for a diverse global audience. Serving as a conduit for
contemporaneous events of public interest, news holds considerable sway, particularly
concerning matters impacting public figures or events directly affecting readers
(Gordon, 2018). However, amidst this exponential growth, the significance of online
news in the sphere of natural language processing (NLP) cannot be overstated, owing
to its wealth of essential information (Pennington et al., 2014).

One notable aspect of NLP is automatic semantic field extraction, a process
entailing the navigation of a complex web of word associations based on factors such
as similarity, context, and connections to specific lexemes (Fauziyah, 2023). In Arabic
news, NLP poses heightened challenges due to its complex and unique structure, as
well as its richness in meaning (Al-Sarayreh et al., 2023). For instance, a sentence such
as * Jla b Lo A0l )V 53 il i i 5 i/ ¥ it 1 i) o s ool sk et
3aa1all @):J\ Q\)\A}Z\ zd}l,\ = B)La}.g \Tﬂh eté‘j ‘;ﬂ\ BJSLH\ B)SS\” ‘Qatar team lost to the
Australian counterpart with a score of 3-0 in the closing match of the round of 16 of
the Asian men’s volleyball tournament currently held in the Emirate of Dubai, United
Arab Emirates’ can be situated within the semantic field =Ll ‘sports’ due to word
associations like =& ‘lost’, «Al ‘team’, 4ady ‘score’, _wbd ‘counterpart’, <l
‘matches’, and 3_S “ball’.

The Arabic language presents several specific challenges for NLP, particularly
for non-Arabic speakers. First, Arabic is a highly inflected language, meaning that
words can take many different forms depending on their role in a sentence. This
morphological complexity includes prefixes, suffixes, and infixes that modify the root
of the word, making it challenging to identify and analyze semantic fields (Issa, 2023).
Second, Arabic script is written from right to left and often omits short vowels, leading
to ambiguities that require contextual understanding to resolve (Saiegh-Haddad &
Henkin-Roitfarb, 2014). Third, the language has a rich system of derivational
morphology, where new words are created from root patterns, adding another layer of
complexity (Ryding, 2014). These linguistic characteristics necessitate advanced
techniques and careful consideration when developing NLP models for Arabic
semantic field extraction.

The importance of discerning thematic content within a text has been well-
established, particularly through the utilization of semantic fields. This holds not only
within sports but also across a spectrum of other domains such as politics, economy,
crime, technology, science, culture, social issues, national affairs, and health.
Consequently, the imperative development of NLP methodologies for automatically
extracting semantic fields from texts becomes evident. NLP, at its core, integrates
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computational linguistic principles and artificial intelligence to comprehend, analyze,
and generate text based on natural language (Nerbonne, 2022). In essence, NLP seeks
to address inquiries about “how computers can be utilized to understand and
manipulate natural language text” across a multitude of tasks (Torregrosa et al., 2023).
Given that the majority of internet content is text-based, NLP emerges as a profoundly
relevant and effective approach.

Recent strides in NLP have focused on enhancing the comprehension, analysis,
and processing of texts in various languages, including Arabic. NLP, a branch of
artificial intelligence, deals with the interaction between computers and human
language and includes applications like machine translation, sentiment analysis, text
summarization, and information retrieval. While NLP techniques have been widely
applied to languages such as English, Chinese, and Spanish, there is a growing focus
on Arabic due to its linguistic complexity and increasing online content. Enhancing
NLP capabilities for Arabic not only contributes to the global field but also addresses
the specific needs and challenges of Arabic speakers. Research has refined text
classification methodologies through deep learning and machine learning techniques
(Habeeb et al., 2023; Wahdan et al., 2024) and tailored sentiment analysis for Arabic
contexts (Abdelfattah etal., 2023; Al-Harbi et al., 2023; Aoumeur et al., 2023; Berrimi
et al., 2023; Mhamed et al., 2023). Additionally, extensive exploration into machine
translation and text summarization (Cetinel, 2022; Imam & Masama, 2023; Khanjari,
2023) has advanced NLP-related research within Arabic linguistics. According to the
above conception, extracting semantic fields from Arabic online news texts is also a
form of extensive exploration, which makes a significant contribution to academic
discourse.

Despite the advancements in NLP, there is a notable gap in applying these
techniques to Arabic news content, particularly concerning the extraction and analysis
of semantic fields. This study aims to address this gap by exploring various NLP
methods and machine learning models to determine their effectiveness in extracting
semantic fields from Arabic news articles. The primary research questions guiding this
study are:

1. What are the most effective NLP techniques for extracting semantic fields from
Arabic online news?
2. How do these techniques perform across different news categories?

To achieve this, the research has three main objectives, namely to develop a
methodological framework for the automated extraction of semantic fields from
Arabic online news, to evaluate the performance of different NLP techniques and
machine learning models in this context, and to identify the most suitable model for
accurately categorizing and analyzing Arabic news content. By achieving these
objectives, this research seeks to advance the field of NLP for Arabic language
processing and provide valuable insights into the automated analysis of online news
media.

By developing NLP methods to extract semantic fields from Arabic online news,
this research aims to broaden the scope of NLP across various contexts, encompassing
computational linguistic studies, text analysis, and practical applications such as news
classification. Ultimately, it seeks to offer theoretical contributions to the field of NLP
by developing a novel methodological framework specifically tailored to address the
unique linguistic challenges of Arabic. The research also holds significant practical
implications in comprehending and managing news information in Arabic by
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improving the accuracy and efficiency of classifying Arabic news articles into relevant
categories, enabling news agencies and information retrieval systems to better manage
and curate content.

2. LITERATURE REVIEW
2.1 Semantic Field

Research on semantic fields or domains has become a central focus in linguistics,
elucidating conceptual territories that interconnect words or expressions with shared
meanings or concepts. Semantic fields help linguists and researchers understand how
language encapsulates cultural and contextual meanings, revealing the intricacies of
human communication (Gérdenfors, 2017). Numerous scholarly inquiries have shed
light on various facets within this domain, emphasizing its profound implications for
linguistic and cultural comprehension.

One significant area of research is the examination of how semantic fields are
influenced by major events and cultural contexts. For instance, Syafroni (2021)
explored the semantic field of education during the COVID-19 pandemic, providing
insights into how the pandemic influenced educational terminology and concepts. This
research highlighted how significant events shaped the semantic landscape of a
particular field.

Similarly, understanding specific terms within various cultural and linguistic
contexts provides deeper insights into semantic fields. Yuliana (2021) examined the
semantic fields within Meno-Meni dialect of the Sasak language by focusing on the
term terjatuh ‘falling’. This study illustrated how specific words carry different
connotations and meanings within cultural contexts. In a similar vein, Sutarsih (2020)
analyzed the semantic nuances of membesar ‘to grow’ in Javanese, uncovering
divergences in meaning across various cultural settings. These studies illustrate the
importance of understanding semantic fields in different linguistic and cultural
contexts.

Further research has focused on the influence of cultural context on lexical
semantics. Patmasada et al. (2020) and Sumarna et al. (2020) investigated into the
semantic relations of verbs within the Kapuas Hulu dialect of Malay and the weaving
practices of the Sambas Malay community, respectively. Their research highlighted
the influence of cultural context on lexical semantics. Hilmi et al. (2022) explored the
varied meanings of words within Sasak dialects, while Isnaeni & Riana (2022)
investigated dialectometric isolecs of Komering and Lampung, further emphasizing
the diversity and richness of semantic fields within different linguistic environments.

In poetic and literary studies, Nor and Hussain (2020) explored the
conceptualization of space in language through Malay pantoum and Irbah (2022)
probed associative meanings in poetry anthologies. These studies highlight the
relationship interplay between language, culture, and literary expression in shaping
semantic fields.

Comparative analyses offer further insights into semantic fields across different
languages and cultures. Bekirov and Rublyova (2019) and Georgakopoulos and Polis
(2022) examined disparities and congruences in idiom usage and methodologies
related to semantic mapping. These comparative perspectives highlight the universal
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and unique aspects of semantic fields in various linguistic contexts. Nikolina (2023)
and Serrano-Niza (2018) analyzed semantic structures in Arabic literary texts and
lexicography, respectively. Denisenko and Kalinina (2020) and Sukiman (2015)
investigated the verbal expression of meaning and metaphors in Arabic, while Arianto
(2018) focused on semantic fields within Arabic poetry.

This body of research stresses the imperative of exploring semantic fields to
foster a nuanced understanding of the Arabic language. It forms a strong foundation
for further inquiry into semantic field extraction within Arabic-language online news,
utilizing NLP methodologies and linguistic computing. Through NLP approaches,
researchers can develop sophisticated techniques for automated extraction and analysis
of semantic fields in Arabic-language online news, advancing our comprehension of
language and meaning in digital contexts.

2.2 Natural Language Processing (NLP)

Natural Language Processing (NLP) is an interdisciplinary field that combines
computational linguistics and artificial intelligence to enable computers to understand,
interpret, and generate human language (Bolshakov & Gelbukh, 2004). This rapidly
advancing field covers a wide range of applications, including text processing,
sentiment analysis, medical research, and cultural studies. NLP techniques are crucial
for transforming unstructured text data into a structured format suitable for analysis
such as:
 case folding to convert all characters in the text to lowercase to ensure uniformity
and reduce the complexity of text analysis.

 tokenization to split the text into individual units, such as words or phrases, called
tokens. Tokenizers like “Farasa” are specifically designed for Arabic text, helping
to accurately segment words and handle language-specific challenges.

o stop word removal to eliminate common words that carry little informational value
(e.g., “s”, “”) to focus on more meaningful terms.

e text pre-processing involves cleaning the text by removing non-alphanumeric
characters and numbers to prepare it for further analysis.

Recent studies highlight key advancements and challenges in these diverse areas,
illustrating the dynamic evolution and broad impact of NLP.

Sentiment analysis is a critical application of NLP, helping to assess public
opinion and emotional responses from textual data. Khurana et al. (2023) outlined four
phases of NLP development, stressing its importance in sentiment analysis and
enhancing understanding of medical content. Pellicer et al. (2023) emphasized data
augmentation techniques to improve NLP data quality, a crucial factor in effective
sentiment analysis. Drikvandi and Lawal (2023) introduced sparse principal
component analysis to address the challenge of text data sparsity, thereby improving
the accuracy and reliability of sentiment analysis models.

NLP has made significant strides in medical research, particularly in
understanding and processing medical texts. Miiller et al. (2023) demonstrated NLP
role in pandemic contexts with COVID-Twitter-BERT, an adaptation that helped track
and analyze public health information during the COVID-19 pandemic. This highlights
the potential of NLP in managing and interpreting large volumes of medical data for
better healthcare outcomes.
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NLP also contributes to cultural studies by analyzing and interpreting literary
and historical texts. Bashir et al. (2023) applied NLP to Quranic research and pioneered
prompt-based learning to enhance the understanding of religious texts. Mahmoud and
Negied (2023) proposed deep learning techniques for analyzing Arabic poetry,
illustrating NLP capability to preserve and interpret cultural heritage through advanced
computational methods.

Advancements in machine learning and computational techniques are driving the
evolution of NLP. Wu et al. (2023) explored the application of graph neural networks
in NLP, highlighting innovative approaches to text processing. Treviso et al. (2023)
discussed resource-efficient NLP methods, addressing the need for sustainable and
scalable NLP solutions. Arkhangelskaya and Nikolenko (2023) reviewed deep
learning architectures, emphasizing their role in enhancing NLP capabilities.

NLP impact spans various industries, providing tailored solutions for specific
needs. Pauzi and Capiluppi (2023) examined NLP applications in software traces,
improving software maintenance and development processes. Boulieris et al. (2023)
introduced the fraudNLP dataset, which aims to enhance fraud detection systems
through advanced NLP techniques.

Arabic NLP has seen significant progress with researchers focusing on language-
specific challenges and solutions. Ghamdi et al. (2023) updated BERT for Arabic
dependency parsing, enhancing syntactic analysis capabilities for the Arabic language.
Bourahouat et al. (2023) reviewed Arabic NLP (ANLP) techniques, providing a
comprehensive overview of recent advancements. Moussa and Mourhir (2023)
introduced a Moroccan dialect entity recognition dataset, while Altamimi and Alayba
(2023) released a modern Arabic news dataset, contributing valuable resources for
further research. Larabi-Marie-Sainte et al. (2023) developed a clustering model for
Arabic texts and Jamaleddyn et al. (2023) proposed methods for Arabic news
classification. Rahma et al. (2023) reviewed techniques for sarcasm detection in
Arabic, highlighting the unique challenges and solutions in this area. These studies
illustrate NLP dynamic evolution and broad impact across industries and disciplines.
The field continues to promise further innovations in linguistic understanding and
application as it advances.

2.3 Computational Linguistics

Computational linguistics is the study of using computational methods to process
and analyze human language. This interdisciplinary field bridges computer science and
linguistics, providing tools and techniques for understanding and generating human
language (Mehdivi, 2008). Its applications span across various domains such as health,
education, crime analysis, social media sentiment, and information management. This
section categorizes recent advancements in computational linguistics to highlight its
diverse applications and impact. Thus, computational linguistics has a broad impact
across various fields, enhancing understanding and management of language-related
challenges in health, education, crime analysis, social media, and information
management through computational methods.

Computational linguistics plays a crucial role in health and medical research.
Giarnieri and Scardapane (2023) discussed Al advancements in cytology, the study of
cells, showcasing the integration of language technologies for medical diagnosis. Their
study highlights how computational methods can enhance the accuracy and efficiency
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of diagnosing diseases by analyzing medical texts and records. Additionally, Alliheibi
et al. (2021) analyzed Saudi citizens’ COVID-19 vaccine sentiments on Twitter,
demonstrating the technological role in health sentiment analysis. These studies
underline the potential of computational linguistics in improving healthcare outcomes
through better data analysis and understanding of public health sentiments.

In the field of education, computational linguistics helps improve teaching and
learning processes by analyzing communication patterns. Shin et al. (2023) analyzed
pedagogical discourse markers in online algebra learning, revealing the impacts of
instructor-student communication on learning outcomes. Their research provides
insights into how computational methods can be used to enhance educational
interactions and support effective teaching strategies. Martin et al. (2023)
longitudinally studied pragmatic language in neurodevelopmental disorders, further
demonstrating the importance of computational analysis in educational and
developmental contexts.

Computational linguistics is also applied in crime analysis and law enforcement.
Alruily et al. (2014) developed a crime profile system for Arabic, employing
computational linguistics to analyze crime data. This system helps in profiling and
understanding criminal activities through the analysis of linguistic patterns in crime
reports and other related texts. The integration of computational methods in crime
analysis aids law enforcement agencies in making data-driven decisions and improving
public safety.

Social media sentiment analysis is a prominent application of computational
linguistics, where researchers analyze public opinion and emotional responses
expressed on social platforms. Heaton et al. (2023) and Davani et al. (2023) explored
social media sentiment analysis, addressing issues from A-level exam controversy to
hate speech detection. These studies highlight the importance of understanding public
sentiment in real time, enabling organizations and policymakers to respond
appropriately to public concerns and issues.

In information management, computational linguistics aids in analyzing and
crafting effective policies. Giirsakal et al. (2023) and Kim et al. (2023) applied high-
frequency word analysis in scientific articles and investment risk disclosures,
respectively. Their work demonstrates how computational methods can enhance the
clarity and effectiveness of information dissemination. Zhang et al. (2023) highlighted
the gap in privacy understanding, advocating for the use of computational linguistics
in creating effective privacy policies. These studies demonstrate the role of
computational linguistics in improving information management and ensuring that
policies are well-understood and effectively communicated the role of computational
linguistics in improving information management and ensuring that policies are well-
understood and effectively communicated.

3. METHODS
3.1 Research Design
This quantitative research employed both an exploratory and experimental

design to investigate the potential integration of semantic field linguistic analysis,
natural language processing (NLP) techniques, and computational linguistic methods.
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An exploratory design was used to examine the fundamental aspects of the research
problem and identify new variables, patterns, and relationships (Zahrah & Octora,
2023). While the experimental design involved controlled testing to determine the
cause-and-effect relationships between variables (Fatihah et al., 2023). The
combination of these designs allowed for a thorough investigation from both
exploratory and confirmatory perspectives. This integrated approach was highly
relevant to the research as it ensured a comprehensive analysis of the theoretical and
practical aspects of semantic field extraction in Arabic online news.

3.2 Data Source

The data source for this research comprised 152.793 online news articles from
six  sources: alsumaria.tv, assahraa.ma, al-sharq.com, addustour.com,
akhbarelsyaha.com, and sarayanews.com. These sources were carefully selected for
their diverse geographical and topical coverage, representing different regions and
perspectives within the Arab world such as Iraq, Morocco, Qatar, and Jordan. This
diversity was essential for providing a comprehensive dataset that reflected a wide
range of semantic fields and linguistic usage across various contexts.

These articles spanned 11 categories, including ¢ ‘security’, 3u<i ‘economy”’,
L o1 6385 “technology’, 44 “culture’, < s ‘international’, 4L ‘sports’, 4alws ‘travel’,
duls “politics’, 4aa ‘health’, ale ‘science’, and g«is= ‘society’, with each category
represented by 10.000 to 20.000 articles, totaling 42.661.503 words (754.584 in
Arabic, 74.727 non-Arabic words, and 41.832.192 stopwords).

The selection of these categories ensured a comprehensive coverage of various
domains, which is crucial for analyzing the semantic fields in different contexts. This
extensive dataset allowed for a detailed examination of how semantic fields were
constructed and utilized in Arabic-language online news, addressing the research
questions related to semantic field extraction and the application of NLP techniques in
this context.

3.3 Data Collection

Data collection involved web scraping techniques or using application
programming interfaces (APIs) for automatic and structured extraction of Arabic news
data. The implementation was done using Python, a popular programming language
known for its versatility and ease of use in data analysis. The process utilized several
key modules such as requests to allow the retrieval of web pages and their content, sys
to provide access to some variables used or maintained by the Python interpreter and
to functions that interact strongly with the interpreter, and BeautifulSoup library to
enable the extraction of specific data from web pages. Ensuring adequate variation in
the collected data was crucial for effective model training and testing.

The data collection process was methodically structured to ensure a
comprehensive extraction of Arabic news data. First, the data sources were defined by
identifying relevant news websites and APIs. Next, the environment setup involved
installing Python, a popular programming language known for its versatility and ease
of use in data analysis and necessary modules, such as requests, sys, and
BeautifulSoup. The sys module played a supportive role by providing access to
command-line arguments for configuring the script, managing system-specific
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parameters, and handling script execution errors. The process then progressed to
retrieving web pages where the requests module was used to fetch web content. This
was followed by parsing HTML content using the BeautifulSoup library to extract
specific data elements from the retrieved HTML. Concurrently, API Integration was
performed by sending requests to APIs and processing the responses to gather
structured data. To ensure the collected data had sufficient diversity, data variation was
emphasized, which involved collecting data from a variety of sources and categories.
Finally, the collected data was stored in a structured format, such as CSV or a database,
to facilitate easy access and subsequent analysis. The detailed steps of this process can
be seen in Figure 1 below.

Retrieve Web Pages

»| Use requests module
Access web content
Parse HTML Content
Define Data Sources N Set Up Environment ol ¥ 10
. Use BeautifulSo
(Identify news wesbites and APIs) i (Install Python and Modules) »| Lse Beautiiuisoup
Extract specific data
API Intergration
Send API request —
Process API responses
Y
Store Data » Ensure Data Variation
(Store in structured format) ™ (Collect diverse data)

Figure 1. Flowchart of data collection.
3.4 Data Analysis

In this research, several key steps were followed for data analysis. Firstly, the
text underwent pre-processing, which involved removing non-alphanumeric
characters, numbers, and stop words, and segmenting the text into segmented words
using a word tokenizer like “Farasa”. Additionally, NLP techniques such as case
folding, tokenization, and stop word removal were applied to structure the text for
analysis. Subsequently, raw data was vectorized with TF-IDF unigrams, and models
including naive bayes, SVM, logistic regression, random forest, and gradient boosting
were trained using 80% training data, 5% testing data, and 15% validation data. Model
evaluation focused on accuracy, precision, recall, and F1-score, with an emphasis on
accuracy in predicting document categories. Finally, the classification model was used
to predict news categories, and semantic field extraction was performed to identify
information within each news item.

4. RESULTS
4.1 Classification Model Performance

In the analysis, we evaluate the performance of five different classification
models for classifying online Arabic news. The models tested were Naive Bayes,
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Support Vector Machine (SVM), Logistic Regression, Random Forest, and Gradient
Boosting. Performance evaluation employs standard metrics, including accuracy,
precision, recall, and F1-score as presented in Table 1.

Table 1. Evaluation of news classification models.

Model Accuracy = Precision = Recall F1-score Execution time (s)
Naive Bayes 0.8319 0.8414 0.8319 0.8308 0.438164
SVM 0.9047 0.9054 0.9047 0.9049 875.475578
Logistic Regression 0.8962 0.8978 0.8962 0.8966 0.396247
Random Forest 0.8668 0.8714 0.8668 0.8669 2.876709
Gradient Boosting 0.8673 0.8605 0.8573 0.8581 0.340603

The evaluation results in Table 1 reveal that SVM achieved the highest accuracy
rate of 90.47%, followed closely by logistic regression with 89.62%, Gradient
Boosting at 86.73%, Random Forest with 86.68%, and Naive Bayes with 83.19%.
Accuracy serves as an important metric that reflects the overall correctness of the
model’s predictions. In terms of precision, SVM also led with 90.54%, followed by
Logistic Regression with 89.78%, Random Forest with 87.14%, Gradient Boosting
with 86.05%, and Naive Bayes with 84.14%. Precision indicates how accurately the
model classifies positive data. For recall, SVM again ranked highest at 90.47%, with
Logistic Regression at 89.62%, Random Forest at 86.68%, Gradient Boosting at
85.73%, and Naive Bayes at 83.19%. Recall is critical for measuring the model’s
ability to correctly identify positive data points. Similarly, SVM led in F1 score with
a value of 90.49%, followed by Logistic Regression at 89.66%, Random Forest at
86.69%, Gradient Boosting at 85.81%, and Naive Bayes at 83.08%. The F1 score
combines both precision and recall, providing an overall performance assessment of
each model.

Precision, Recall, and F1-score by Class
SVC Accuracy: 0.9047

1.00

0.99 —8— Precision
Recall

—e— Fl-score

0.95 4

0.90

Scores

0.85 1

0.80 4

SLaisl [ENRY aslas wldgs aol, a>luw aawluaw axo ale gaizo
Class Labels

ool

Figure 2. Comparison graph of precision, recall, and F1-score per category in SVM
model.
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When examining execution time, Gradient Boosting was the fastest, completing
in 0.34 seconds, while Logistic Regression followed with 0.396 seconds, Naive Bayes
with 0.438 seconds, Random Forest with 2.877 seconds, and SVM with the longest
execution time at 875.476 seconds. Execution time is a critical factor for deploying
models, particularly in real-time or resource-limited environments. In summary, while
SVM demonstrated superior performance in terms of accuracy, precision, recall, and
F1 score, Gradient Boosting excelled in execution speed. The choice of a model
should, therefore, depend on the specific requirements of the application and the
relevant evaluation criteria. For the semantic field analysis, SVM was selected due to
its high accuracy. Figure 2 illustrates the classification details using the SVM model,
which shows the highest F1 score of 0.98 (98%) in the sports category.

4.2 Semantic Field Extraction

In this section, we present the successful extraction of relevant meaning from
Arabic online news articles. The choice of the SVM model for classification, based on
its superior accuracy, enabled us to delve into specific examples. We focused on news
from the sports category, exhibiting the highest F1-score among the 11 categories, as
depicted in Figure 1.

The process of semantic field extraction revealed deeper contextual meaning
within the text. Consider the following sports news:

NI:

Ciludlio b (L5 Jladll 5 5ol e andl 55 S g Wy b 316 5 5l 5 S0 a1 sams (S il b audl 55 S50 58
& Al (2024 - 2023) (bl aus sall saiall 5] gans (ulS A shad Al el Lpaggatl) ileaill e Y1 A 2l
25 21/ bl @8 50 a5 Ja g e Jal 51 A Al e 5 S5l 558 sl sl Geole 29 (N 24 (e 5l
ol 6 J gl oy b aad ¢/20 =255 €15 255 <24 -26 5

The victories of Al-Wakrah and Al-Sadd in the Emir Cup volleyball qualifiers. The Al-Wakrah
and Al-Sadd teams successively defeated Al-Khor and Al-Shamal in the first round of qualifying
for the Emir Cup championship of the sports season (2023-2024), which took place from March
24th to 29th. Al-Wakrah defeated Al-Khor with a score of three sets to one, with set scores of 21-
25, 26-24, 25-15, and 25-20, thus earning the first three points in the standings. (Al-Sharq, 2024)

Manual semantic field extraction identified several key terms related to
volleyball matches. For example, words such as (S ‘cup’ and 3Ll “volleyball’
clearly associate the text with sports events. Team names like 5_Ss! ‘ Al-Wakrah’ and
5l “Al-Khor” were also identified, indicating specific teams involved. Other terms,
such as ©lbia’ ‘qualifiers’ and ) “victory’, further emphasized the competitive nature
of the event. The term Ll sii “sets’ provided insights into the structure of volleyball
matches, suggesting that the text fell under the sports category.

However, NLP and computational linguistics take a more automated approach
to this semantic field extraction. This process includes several steps like punctuation
and number removal, tokenization, and stop-word removal. These steps, illustrated
below, show how the text was prepared for vectorization. Table 2 provides a
comparison between the original and cleaned text, demonstrating how numbers and
punctuation were systematically removed (in red ink) for improved analysis.
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Table 2. Numbers and punctuation removal.

Original text Meaning Numbers and Meaning
(Arabic) punctuation removal
bl g5 Sl s The victories of Al- bl g3 Sl 6 The victories of Al-

e gan S i

5 _ildall 3 Sl 18 58 5l
oAl e aull 53 Sl
ludlia 8 L g8 Jladll
il e N1 A sl
S A ghad Al ) Fong il
paasall s28all yuaY) sans
«(2024 - 2023) o=k M
&V 24 (e syl 8 ddidl)
ol Gl 29 slag
AW Al e s S5l 58
caal g ha g Jilia Ll 53
-265 25 -21/ ki gl 53
/20 -255¢15 -255 24
GO d_g\ sdua ) LA eﬂ;\j
Ll

Wakrah and Al-Sadd
in the Emir Cup
volleyball qualifiers.
The Al-Wakrah and
Al-Sadd teams
successively defeated
Al-Khor and Al-
Shamal in the first
round of qualifying
for the Emir Cup
championship of the
sports season (2023-
2024), which took
place from March
24th to 29th. Al-
Wakrah defeated Al-
Khor with a score of
three sets to one, with
set scores of 21-25,
26-24,25-15, and 25-
20, thus earning the
first three points in the
standings.
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Wakrah and Al-Sadd
in the Emir Cup
volleyball qualifiers.
The Al-Wakrah and
Al-Sadd teams
successively defeated
Al-Khor and Al-
Shamal in the first
round of qualifying
for the Emir Cup
championship of the
sports season, which
took place from
March to. Al-Wakrah
defeated Al-Khor with
a score of three sets to
one, with set scores of,
, , and , thus earning
the first three points in
the standings.

Once the text is cleaned, the next step is tokenization. Tokenization involves
splitting the cleaned text into individual words or tokens, which allows the model to
analyze each component separately. As shown in Table 3, the cleaned text is broken
down into individual tokens, which are then used in further NLP steps.

Table 3. Tokenization process.

Cleaned text Meaning Tokenization Meaning
&t 2l 3 Sl 58 The victories of Al- gl g 78 SllC 254 [‘win’, ‘Al-Wakrah’,
oY) e S i Wakrah and Al-Sadd Jodse abaaase 2 ‘Al-Sadd’, ‘in’,

B yidall 3 S L4y 8 3l
oA e adigs <)
il L3 W) g5 Jladll
clbatll e J Y1 A gall
IS A ghad Aa el Lynsgea)
g sall sdall jaaY) s
3yl b daliall ol I
o pole oo elas
B )l e s S5l s
aa) g da s Jilia Jaf g3
a5 s s i adl g
Llis &3 J sl orpa ) B

in the Emir Cup
volleyball qualifiers.
The Al-Wakrah and
Al-Sadd teams
successively defeated
Al-Khor and Al-
Shamal in the first
round of qualifying
for the Emir Cup
championship of the
sports season, which
took place from
March to. Al-Wakrah
defeated Al-Khor with
a score of three sets to
one, with set scores of,
, , and , thus earning
the first three points in
the standings.
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”Q “!' Yi| ,’L.)““‘ ” J‘y“
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,’L;M\‘ ,"):My“
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‘qualifiers’, ‘cup’, ¢
Highness’, ‘prince’,
“for volleyball’,

‘won’, ‘teams’, ‘Al-
Wakrah’, ‘Al-Sadd’,
‘on’, ‘Al-Khor’, ‘Al-
Shamal’,
‘respectively’, ‘in’,
‘competitions’,
‘round’, ‘first’, ‘from’,
‘qualifiers’,
‘preliminary’,
‘qualifying’,
‘championship’, ‘cup’,
‘Highness’, ‘prince’,
‘honorable’, ‘season’,
‘sports’, ‘held’, ‘in’,
‘period’, ‘from’, ‘to’,
‘March’, ‘current’,
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‘came’, ‘win’, ‘Al-
Wakrah’, ‘on’, ‘Al-
Khor’, ‘in three’,
‘sets’, ‘versus’, ‘one’ ,
‘set’, ‘results’, ‘and’,
‘and’, ‘and’, ‘place’,
‘in’, ‘its account’,
“first’, ‘three’,
‘points’]

Stop word removal follows tokenization. Stop words are common words that do
not contribute significant meaning, such as 4 ‘and’ or e ‘on’. Removing these words
helps focus the analysis on key terms. In Table 4, you can see the result of stop word
removal applied to the tokenized text.

Table 4. Stopword removal.

Tokenization
ol st %8 S0 5]
,’uuis& G IO A
RPNIL ,’):u‘w‘ ) s’
Sl a0 s il
et a5 S S
LI Pl el
JAlgalle Celudlies 2 s
Jebieatll 2ol 7Ty
VA salle el
,) s’ ,’wis“,’uj-hel‘
”Lgéi.d\‘ ,"):\AY\‘
g I sl
el i Al
ot o
Vo Celagt gl
oAl et TS e
S iet Pdal gl A
el s Paal g da gl
RTINS Y
Jodna )t N ATl
[lalas el *J e

Meaning
[‘win’, ‘Al-Wakrah’,
‘Al-Sadd’, ‘in’,
‘qualifiers’, ‘cup’, ¢
Highness’, ‘prince’,
“for volleyball’,
‘won’, ‘teams’, ‘Al-
Wakrah’, ‘Al-Sadd’,
‘on’, ‘Al-Khor’, ‘Al-
Shamal’,
‘respectively’, ‘in’,
‘competitions’,
‘round’, “first’, ‘“from’,
‘qualifiers’,
‘preliminary’,
‘qualifying’,
‘championship’, ‘cup’,
‘Highness’, “prince’,
‘honorable’, ‘season’,
‘sports’, ‘held’, ‘in’,
‘period’, ‘from’, ‘to’,
‘March’, ‘current’,
‘came’, ‘win’, ‘Al-
Wakrah’, ‘on’, ‘Al-
Khor’, ‘in three’,
‘sets’, ‘versus’, ‘one’ ,
‘set’, ‘results’, ‘and’,
‘and’, ‘and’, ‘place’,
‘in’, ‘its account’,
“first’, ‘three’,
‘points’]

Filtered text
st 3 55 S 5l
38U 52 sems ulS
5l i 3Lkl
W5 Jledlly 5l
S A al) cluilia
s el ggadl) Ciligal
oY) s S A gl
oab M s 5all 53kl
ela g g olall 5l Adlaall
B Al S50
U a8l 55 Lo o ol il
Llii sapa ) puad

Meaning
win Al-Wakrah Al-
Sadd qualifiers cup
Highness prince for
volleyball won teams
Al-Wakrah Al-Sadd
Al-Khor Al-Shamal
respectively
competitions round
first qualifiers
preliminary qualifying
championship cup
Highness prince
honorable season
sports held period
current came win Al-
Wakrah Al-Khor in
three sets set results
place its account
points

After pre-processing the text, vectorization is applied, which converts the text

into numerical form that machine learning models can understand. The vectorization
results for the filtered text are presented in Table 5, showing the importance of each
word by assigning it a weight.



M. 1. Ahmad & M. K. Anwari, Computational linguistics and natural language processing
techniques for semantic field extraction in Arabic online news | 1699

Table 5. Text vectorization.

Filtered text Meaning Vectorization Meaning
2diss S5l 5% win Al-Wakrah Al-Sadd | (0.2322 735 [(“win™, 0.2322), (“Al-
sem S Clibas | qualifiers cup Highness 78S 1), Wakrah”, 0.3965), (“Al-
5 ki 5 S ueY! | prince for volleyball won | ,(0.3114 71 59),(0.3965 = Sadd”, 0.3114),
5S 5l ey 8 3 teams Al-Wakrah Al- ) ldai®) (“qualifiers”, 0.1380),
BYURWE Sadd Al-Khor Al- 7459,(0.1380 (“cup”, 0.1541),
L5 Jladdl Shamal respectively ,(0.2602 . 5n),(0.1541 | (“Highness”, 0.2602),
Ul Sludlia competitions round first ,”’_SU°),(0.2134 7 we¥1)  (“prince”, 0.2134), (“for
bl ) qualifiers preliminary sl (0.1462 volleyball”, 0.1462),
Al sall Lgeatll qualifying championship = ,(0.1124 (“volleyball”, 0.1124),
o ulS A ghad cup Highness prince J78 58 (0.1182 7 )4) (“won”, 0.1182),
saiall Y honorable season sports | ,”_s31¢),(0.1344 (“teams”, 0.1344), (“Al-
mb ) s gall held period current came | ,(0.2755 Khor”, 0.2755),
5 _riall ALl win Al-Wakrah Al-Khor = ,”Jleill 5) (“Al-Shamal”, 0.1694),
Jshelayolall | in three sets set results LW 55,(0.1694 (“respectively”, 0.1699),
A H a3 S | place its account points |, <badlia®) (0.1699 (“competitions”,
852 a5 Jal 5 ,(0.1052 0.1052),
sdua ) g il S sl (“round”, 0.1011),
Ll S s¥19),(0.1011 (“first”, 0.0707),
)il (0.0707 (“qualifiers”, 0.0893),
,(0.0893 (“preliminary”, 0.1722),
S Aneall) (“qualifying”, 0.1330),
Al a4 (0.1722 (“championship”,
il shid) (0.1330 0.1205),
,(0.1205 (“honorable”, 0.1297),
)il (“season”, 0.1261),

s 5419, (0.1297
b 1,(0.1261

(“sports”, 0.1148),
(“held”, 0.1349),

,(0.1148 (“period”, 0.0793),
Aalialle) (“current”, 0.0837),

75 5ll) (0.1349 (“came”, 0.1183), (“in
75.a0) (0.0793 three”, 0.1309), (“sets”,
,(0.0837 0.1569),

JANES), (0.1183 ) 7eks 5)
k) 5519 (0.1309
,(0.1569

a8 55,(0.1563 |7k 55
,(0.0927 ,7z35),(0.1142
sdna 5),(0.1832
[(0.1027 ,"5),(0.1301

(“set”, 0.1563), (“with
results”, 0.1142),
(“results”, 0.0927),
(“place”, 0.1832), (“its
account”, 0.1301),
(“points”, 0.1027)]

Before presenting Figure 3, it is important to understand how the SVM model
determines the relevance of specific words in classifying text under the sports
category. The SVM model assigns different coefficients to each word based on its
contribution to the classification. Words with positive coefficients strongly support the
classification of text into the sports category, while words with negative coefficients
suggest a weaker or no association, potentially aligning the text with other categories.

Figure 3 demonstrates the model’s identification of relevant words within the
semantic field of sports. A total of 33 keywords from the original 71 words are
highlighted, with each word contributing either positively or negatively to the final
classification. Positive word weights, such as s_3all ‘volleyball’ and =LV ‘sports’,
indicate a strong connection to the sports category, while negative word weights
suggest minimal relevance to sports.
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Figure 3 illustrates how individual word coefficients influence the SVM model’s
classification process for Arabic news texts. Detailed information on specific word
coefficients and their impact can be found in Tables 6 and 7.

Predicted SVM Classifier for Sport Category

¥l .41 I
AR -0.07 .
asgaill 0.07
EREN 0.17
gl -0.05Hl
31 0.25 I
bl 0.21
55Ul 0.42
oiall 4 0.31 I
alagall -0.01]
aolaall 0.25
a, 0.14
ol 1 -1.08
i 0.14
030, 1 -0.08 [N
e -0.16 I
s 4 0.07
Ly 0.04
99 -0.01
ouls -0.1 .
gla | -0.01|
pwsall 1 0.35 I
cluslio 0.16
ol 4 0.19
bla -0.021
aully 1 0.06
Jlasly o -0.06 |
sloy 0.05
-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4
Weights

Figure 3. Sports keyword coefficients with SVM classification.

Table 6 lists the words with positive coefficients, meaning these words strongly
support the classification of the text as related to sports. Words such as 3 3l
‘volleyball’ and =Ll ‘sports” have the highest positive weights, indicating that their
presence in the text makes it more likely to be categorized in the sports domain. Other
words like 4 ‘preliminary’, <béwad ‘qualifiers’, and W ‘victory” are also key
indicators that the text is sports-related. The total weight for all positive words is
1.9669, reflecting the contribution of these terms toward reinforcing the sports
classification.

Table 6. Positive weighted semantic field.

No. Word Meaning Weight
1 dneall Preliminary 0.0745
2 ol Current 0.1675
3 =k Sports 0.2063
4 3_yidall Volleyball 0.4208
5 Aalaall Held 0.2452
6 a4 By three 0.1421
7 Slaai Qualifiers 0.1374
8 Bt Won 0.0710
9 &y 4 Teams 0.0414
10 Sludlia Competitions 0.1595
11 ol Results 0.1915
12 Ll g And Al-Sadd 0.0582
13 slag And came 0.0517

Total 1.966930996802351
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Table 7 presents words that have negative coefficients, suggesting that these
words oppose the classification of the text as sports-related. For instance, words like
Y ‘prince’, 3 ‘period’, and &3 »» ‘by a score of) have the highest negative weights.
These terms are more commonly associated with non-sports-related contexts, which
decreases the likelihood that a text containing them will be classified under sports. The
total negative weight is -2.9408, which highlights how much these terms detract from
the sports classification.

Table 7. Negative weighted semantic field.

No. Word Meaning Weight
1 V) The prince -0.4089
2 &Y The first -0.0653
3 Al The round -0.0464
4 By Al-Khor (team name) -0.2463
5 5 _ydll The period -0.3073
6 a5l Qualifying -0.0054
7 &l By a score of -1.0761
8 odua His score/balance -0.0802
9 S Highness -0.1605
10 By Victory -0.0111
11 oS Cup -0.0978
12 sk For the tournament -0.0061
13 e gall For the season -0.3474
14 Ll Points -0.0205
15 Jelll And Al-Shamal (team name) -0.0616
Total -2.94081187554341

Table 8 shows the probability of the text being classified into different
categories. The 4=l ‘sports’ category has the highest probability at 99.9967%,
strongly confirming the text as sports-related. Other categories, such as ale ‘science’
and 4abw ‘travel’, have much lower probabilities, despite having relatively high scores
in comparison to non-sports categories. The 4ulws ‘politics’ category has the lowest
probability at 42.87%, indicating that it is the least likely category for this text.

Table 8. Classification probability of each category.

No. Category Meaning Score (%)

1 izl Sports 99.99667356597296
2 ple Science 99.97335216579244
3 dale Travel 99.97325857961826
4 aeina Society 99.9238881466324
5 <l s International 99.92238308126784
6 daa Health 99.1689863875924
7 A4l Culture 97.75598450119771
8 L ol oSS Technology 85.21249488310567
9 el Security 85.09816653644927
10 Sl Economy 85.01391919583232
11 Al Politics 42.87280693212932

The process of semantic field extraction, traditionally performed by humans,
differs significantly from the method employed by computers to determine the most
suitable category, as is conventionally done by humans. Humans can swiftly and
accurately classify text categories with a single glance, akin to utilizing the skimming



1702 | Studies in English Language and Education, 11(3), 1686-1709, 2024

technique (Meidina & Kasmawati, 2022). By discerning the semantic field within a
text, without reading the entire passage, the text category can be promptly identified.
However, this process is less straightforward for computers, which require specific
steps to mimic human thought processes and ultimately generate human-like
understanding. The NLP method is essential for computers to emulate human
cognition (Sulistyo et al., 2021). These steps typically involve case folding,
tokenization, and the removal of stopwords, as utilized in this study (Bourequat &
Mourad, 2021). Fundamentally, this method represents a collaboration between
linguistic, computer science, and artificial intelligence disciplines.

As illustrated in the preceding example text, humans intuitively categorize the
word oS ‘cup’ within the semantic field of sports, as sports tournaments commonly
award cups as a form of recognition to top-performing teams or individuals. However,
a computer may hold a different assumption. While the computer recognizes the word
as part of the sports-related semantic field, it may assign a negative weight, potentially
hindering the text classification as a sports-related article. The computer’s
interpretation of _~IS may extend beyond sports contexts, considering it in broader
competition or awards settings. This interpretation is often influenced by the training
data used. If the training data includes instances of (\S appearing in non-sports-related
contexts or alongside words unrelated to sports, the SVM model may adjust its weights
accordingly based on the information gleaned from the training data.

S.  DISCUSSION

The present study successfully extracted semantic fields from Arabic online
news using various NLP techniques and machine learning models. The findings
contribute to a deeper understanding of Arabic NLP applications and highlight several
important points in the context of existing literature. The effectiveness of the SVM
model, which achieved the highest overall accuracy of 90%, aligns with previous
research on the utility of machine learning models for tasks involving large volumes
of text data (Bourahouat et al., 2023; Ghamdi et al., 2023).

Moreover, the study builds upon previous research showing how major events
influence semantic fields in specific domains. For example, Syafroni (2021)
demonstrated how the COVID-19 pandemic shaped educational terminology,
providing a broader framework for understanding how large-scale events impact
language. Similarly, Yuliana (2021) and Sutarsih (2020) illustrated how cultural and
linguistic contexts contribute to the shaping of semantic fields, supporting the
importance of context-specific models in NLP applications like news categorization.

The challenges faced in categorizing health and science news in our research,
where the SVM achieved a lower Fl-score of 79%, are consistent with the
complexities identified by Elarnaoty (2012) in opinion extraction. The richness of
meaning and specialized terminology in these fields, as noted by Hilmi et al. (2022),
requires more refined techniques and potentially hybrid models to improve
classification accuracy. This supports the findings of Patmasada et al. (2020) and
Sumarna et al. (2020), who emphasized the influence of linguistic and cultural factors
on semantic fields.

Additionally, this study aligns with recent advancements in Arabic NLP,
particularly the development of language-specific models, such as those outlined by
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Ghamdi et al. (2023). The application of SVM for extracting semantic fields further
supports the findings of Bourahouat et al. (2023), who reviewed Arabic NLP
techniques, highlighting the effectiveness of tailored models for complex linguistic
tasks. Moreover, the creation of datasets specific to Arabic dialects, such as the one
introduced by Moussa and Mourhir (2023), underpins the need for continuous
refinement of NLP models to handle the rich diversity of the Arabic language.

Furthermore, our study contributes to the literature on computational linguistics
by demonstrating the applicability of NLP techniques in a variety of fields, including
health, education, and social media analysis, as noted by Giarnieri and Scardapane
(2023) and Shin et al. (2023). By employing pre-processing techniques like case
folding and tokenization, this study affirms the importance of text normalization,
aligning with the findings of Miiller et al. (2023) in public health analysis.

The success of the SVM in this study highlights its potential as a robust tool for
news classification and semantic field extraction in Arabic. This has practical
implications for news agencies and information retrieval systems, which can utilize
these findings to enhance content management and curation. Theoretically, this
research supports the growing body of knowledge in computational linguistics and
Arabic NLP, particularly in understanding the cultural and contextual nuances of
semantic fields (Gérdenfors, 2017).

Finally, the study emphasizes the need for future research into hybrid models
that combine SVM with other machine learning techniques to enhance performance
across all categories. This recommendation is in line with Rahma et al. (2023), who
found that hybrid approaches improve classification in complex domains like sarcasm
detection. Expanding the dataset and incorporating more domain-specific data would
further enhance the model’s accuracy, particularly in categories like health and
science.

6. CONCLUSION

This study has successfully demonstrated the efficacy of using NLP techniques
and machine learning models for semantic field extraction and classification of Arabic
online news articles. The support vector machine (SVM) model, which achieved the
highest overall accuracy of 90%, proved to be a reliable tool for this purpose. Its strong
performance in categorizing sports news highlights the model’s ability to handle well-
defined semantic fields, contributing valuable insights to Arabic NLP. The findings
draw attention to the importance of advanced computational techniques in processing
and understanding Arabic text, enhancing the accuracy of news classification systems
while contributing to the broader field of Arabic NLP applications. This research
supports the growing body of work that advocates for developing sophisticated NLP
tools customized to non-Latin script languages, offering significant advancements in
the field.

However, the study faced limitations, particularly in the categorization of health
and science news, where the SVM model achieved a lower F1 score, pointing to the
complexity of these domains and the need for more specialized models. The study was
also constrained by the size and diversity of the dataset, which may affect the
generalizability of the findings. Future research should address these limitations by
exploring hybrid models that combine SVM with other machine-learning techniques
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to improve performance across all news categories. Expanding the dataset and
including a more diverse range of news articles would also enhance the robustness of
the models. Additionally, future studies should investigate domain-specific NLP
techniques to handle the linguistic intricacies of specialized fields such as health and
science more effectively. By addressing these limitations and recommendations, the
accuracy and efficiency of Arabic NLP applications can be further improved, paving
the way for more advanced text analysis tools.
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