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Abstract

The transformation of information dissemination and public discourse was heavily influenced by the rapid rise of social
media platforms, especially Twitter, and this was particularly evident in times of conflict and war. The huge explosion of
social media usage has, in turn, created a large amount of data that can be analyzed through different methods such as text
mining and natural language processing. In this paper, we employ topic modeling to extract and analyze the topics of
discussion around the Russian-Ukraine conflict in the Middle East. The analysis is facilitated by collecting dialectical
Arabic tweets specifically containing terms relating to the Ukraine-Russia conflict. Investigation and comprehension of the
dominant themes and views carried by the discussion are held through comparative research of two important topic
modeling tools: BERTopic and LDA. From our findings, the influence of social media in forming public opinion, the
spread of information, and the creation of a discourse regarding the Russian-Ukrainian war in the Middle East becomes
visible. The topic modeling in our study presents the broad spectrum of views and themes emerging through social media
discourse. This comprehensive perspective assists in the understanding of the intricate complexities surrounding this
geopolitical conflict and offers a deep dive into the multifaceted nature of the matter.
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1. Introduction

The Russia-Ukraine war, which began on February 24, 2022, has had a significant impact on global affairs and has
emerged as a topic of much debate and study. Like any significant conflict, understanding the various aspects and
perspectives surrounding this war is essential for policymakers, analysts, and researchers. Among the wealth of resources
available for studying this war, social media platforms such as Twitter stand out as a valuable source of information, where
users freely express their opinions, share news updates and engage in discussions directly related to the ongoing conflict.

These platforms play a crucial role as vast repositories of user-generated content, offering valuable insights into public
sentiment, emerging trends, and the primary topics of discussion surrounding the Russia-Ukraine conflict. The analysis of
these topics and discussions is highly important in understanding the dynamics and implications of this ongoing conflict. In
particular, studying the topics expressed in the Arabic region provides invaluable insights into the perceptions, concerns,
and opinions of the Arabic-speaking population.

Topic modeling, a powerful technique derived from natural language processing and machine learning, is used to
identify and extract latent topics from massive amounts of data. By applying topic modeling to dialectical Arabic tweets
about the Russia-Ukraine war, we explore deeply into the main issues, concerns, and viewpoints that the Arabic-speaking
masses express. The study of topics within the Arab region not only sheds light on perceptions, concerns, and opinions of
the Arabic-speaking community but carries its own weight in the larger context. Considering the immense cultural
backdrop, politically diverse societies, and heavyweight positioning of the entire Arab world on the global chessboard, it
becomes very crucial to understand their views and concerns regarding this conflict. These results have yet more pertinent
information for the Arab community, the direct beneficiaries being the policymakers and diplomats. It serves as a strategic
instrument to persuade foreign policy orientations, build diplomatic relations, and structure viable frameworks for
international cooperation. By delineating perspectives of Arabic-speaking masses, we get a panorama beyond all-
theoretical knowledge. It is imperative to sway regional dynamics and public opinion, and it provides some clear options to
navigate through the complex interplay of global happenings and the intertwined cultures in Arabic-speaking societies.

However, while there has been a lot of research done on topic modeling in different languages, the Arabic language
still hasn't got the attention it deserves. The processing of Arabic language has its own difficulties which are caused by the
non-concatenative nature of Arabic morphology, the lack of spelling rules, and the different dialects [1]. Taking these
difficulties into account, our research suggests the use of topic modeling methods on dialectical Arabic tweets that are
focused on a specific recent crisis: The Ukraine-Russia conflict. This will not only help in overcoming some of the
challenges in Arabic language processing but also in getting a better understanding of the main topics and themes that are
there in this situation.

This study aims to identify the potential insights from the Middle Eastern tweets about the Russian-Ukrainian War and
thus understand the war's influence on the Arab world. To this end, the paper systematically collects Twitter data for the
period specified, February 1, 2022, to December 14, 2022, using carefully chosen keywords. The study employs
sophisticated topic modeling techniques like Latent Dirichlet Allocation (LDA) and BERTopic with the aim of uncovering
the hidden topics contained in these tweets and thus providing a clear understanding of public discussion. The paper, by
unraveling these technical aspects, aspires to bring forth a more accurate and in-depth investigation of the complex
interplay of the Russian-Ukrainian War within the Middle Eastern Twitter sphere.

The significant contributions of this paper can be summarized as follows:

e Contribute to the available data resources for the Arabic language by collecting and preparing a dataset consisting of

dialectical Arabic tweets specifically related to the Russia-Ukraine War.

Compare the performance of different topic modeling algorithms on the collected dialectical Arabic dataset.

Provide a comprehensive textual analysis of the tweets, including:

Discovering the main topics and themes discussed in the tweets.

Address questions from decision-makers regarding public concerns and opinions within the Arabian context

concerning the Ukraine-Russia conflict.
The paper is structured as follows: Section 2 presents a comprehensive review of topic modeling applications in the
existing literature. Section 3 outlines the methodology employed in this study. Section 4 presents the experiment setup in a
comprehensive manner. Section 5 presents and discusses the obtained results. Finally, Section 6 concludes the work by
summarizing the key findings and providing insights for future research.

2. Related Works

The section is devoted to a detailed review of the literature on the subject of topic modeling applications in both Arabic
and English, placing special emphasis on short text (tweets) and long text (documents) analysis. The review outlines any
studies which compare the effectiveness of different topic modeling algorithms and those that analyze a particular set of
tweets regarding global events, crises, and conflicts through topic modeling. Moreover, some studies consider topic
modeling as an essential part of the Natural Language Processing (NLP) application systems being developed.

The authors focus in their paper the deployment of topic modeling in the English language to different kinds of dataset
which covered a wide range of topics such as: education, healthcare, environmental issues and international conflicts.

One of the studies in the education field was performed by Mujahid, et al. [2] who used the Latent Semantic Analysis
(LSA) method on English tweets to reveal the major concerns raised during the COVID pandemic regarding the
effectiveness of online learning. Additionally,
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Zankadi, et al. [3] demonstrated that topic modeling facilitated the recommendation of online courses based on social
interactions. The authors of Zankadi, et al. [3] went on to enhance course preferences within Massive Open Online Courses
(MOOCs) extracting students' topics of interest from social media content. They employed three widely recognized topic
modeling techniques, namely Latent Dirichlet Allocation, Latent Semantic Analysis, and BERTopic. The experimental
results demonstrated that BERTopic surpassed the other models in terms of effectively extracting pertinent topics and
analyzing textual features. While, Silveira, et al. [4] addressed the necessity for a system that can provide crucial points
from legal documents to students, legal scholars, lawyers, and judges on a daily basis. To fulfill this need, a dataset of legal
documents was compiled, and a novel topic modeling approach was designed for legal texts. The authors then
experimented with LEGAL-BERT1 as the topic modeling algorithm and on further information involving law citations so
as to enable the topic model to better determine topics.

A notable example of applying topic modeling on healthcare-related texts is that by Lossio-Ventura, et al. [5]. The
authors have comprehensively evaluated some topic modeling algorithms on very short texts related to healthcare. The
studies Dahal, et al. [6] and Jin and Spence [7] attempt to understand the topics of social media conversations about
environmental events. Dahal, et al. [6] were analyzing tweets about climate change, while Jin and Spence [7] were focusing
on tweets about Hurricane Maria.

In contrast, Akpatsa, et al. [8] and Aslan [9] performed analyses of public opinion concerning the conflicts in the US-
Afghan war and the Ukraine-Russian wars, respectively, using topic modeling methodologies to shed light on public
sentiment and decision-making. The studies by Akpatsa, et al. [8] and Aslan [9] are of utmost importance to our studies, as
they implement topic modeling to assess the trends and themes of public opinion surrounding conflicts occurring within
their respective countries. Utilizing topic modeling, these studies considerably contribute to the understanding of public
sentiment and decision-making processes. Aslan [9] conducted a study using topic modeling to extract crucial issues
discussed on Twitter concerning the Ukraine-Russia war. The study specifically focused on English tweets. The authors
employed standard LDA and identified seven dominant topics within the dataset. Word cloud visualizations were employed
to showcase the most prevalent words associated with each topic. However, it is worth noting that no specific evaluation of
the topic quality

As to the deployment of the topic modeling in Arabic language, Alami, et al. [10] and Hammo, et al. [11] utilized topic
modeling as a component of the Arabic text summarization system with a role of reducing the dimensionality of the
documents from word space into topic space. Alami, et al. [10] introduced an automatic summarization system using LDA
and neural networks, addressing domain-dependency issues in Arabic text summarization by assigning hidden topics to
groups of similar documents. While in Hammo, et al. [11] topic modeling was used as an identifier to the main thematic
structure of the document. The evaluation was done using 1200 human evaluators.

Alhazmi [12] used topic modeling to explore discussions on distance education among Saudi Arabian students using
the Biterm Topic Model (BTM) on a dataset of relevant tweets. Alshalan, et al. [13] utilized the NMF topic modeling on
the ArCOV-19 dataset to identify hate speech in tweets.

A deep dive into the literature on topic modeling for the Arabic language pinpoints a considerable lack of research on
dialectal Arabic. However, Habbat, et al. [14] tried to fill this gap in their study. They gathered a dataset of Moroccan
Twitter tweets and focused on sentiment classification, categorizing sentiment within negative, positive, and neutral
classes, through topic modeling methods. The authors compared and analyzed topics brought forth by the two well-known
algorithms, NMF and LDA, concluding that and gave results stating that LDA exhibited superior performance over NMF
on the measure of topic coherence.

In another study, Abuzayed and Al-Khalifa [15] applied pre-trained language models to topic modeling first by
comparing BERTopic with LDA and NMF. The authors studied the performance of BERTopic when used alongside word
embeddings from various pre-trained language models. They carried out a comparative analysis of BERTopic with the
other two models, LDA and NMF. Unlike LDA and NMF, BERTopic does not require the number of topics to be set in
advance. The dataset used in the study was drawn from (DataSet for Arabic Classification) and consists of 108,789
documents in MSA. The results showed that LDA performed poorly, NMF performed quite well, and BERTopic coupled
with AraVec gave promising results.

The conducted literature review has brought to light the lack of studies applying the existing topic modeling techniques
on dialectal Arabic text in the context of conflicts and crises. To address this gap, we have introduced a comprehensive
methodology by employing two distinct topic modeling techniques on an Arabic dataset that covers diverse dialects and
focuses on discussions related to the Russia-Ukraine Conflict.

3. Methodology

The main aim of this research is to reveal hidden topics and themes in the Twitter data about the Ukraine-Russia
conflict through the application of two topic modeling methods which are LDA and BERTopic. The entire study process as
shown in figure 1 is described in this part. Our procedure for extracting Twitter data is based on the following three main
steps: Data Collection, Data Preprocessing (which involves the quality evaluation of data with the help of BERTopic), and
Topic Modeling. The diagram in Figure 1 clearly explains the connection and execution of these steps within our data
analysis process. Using these techniques, we are expecting to acquire significant understanding regarding the topics of the
conversations of people in the Arab region about the Ukraine-Russia conflict.
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Figure 1.
The Workflow.

3.1. Data Collection

Twitter is a well-known site for microblogging and was chosen as the main source for data extraction. We employed
the "snscrape” library in Python to obtain 45,486 tweets in Arabic regarding the war between Ukraine and Russia that were
available to the public. All these tweets were made on Twitter from the 1%t of February, 2022, to the 14" of December,
2022. For gathering the dataset, the widely accepted Twitter keywords related to the war, which were: war, Russia, and
Ukraine (initially written in Arabic but now translated here into English), were utilized. To get the tweets containing all the
keywords, these keywords were linked with the help of the "and" operator.

3.2. Data Preprocessing

Data preprocessing is a critical step in text mining and it works as a preliminary stage with two purposes. First, it
increases the performance of the prediction algorithms by removing the words that might be a hindrance to the process.
Second, it helps to reduce the requirements for storage space, which in turn leads to better computational performance, as
per [16]. Data preprocessing is an integral part of our analysis because of the peculiarities involved in the mining of
dialectical Arabic texts. It is, therefore, crucial to undertake comprehensive preprocessing so that the dataset can meet our
stringent standards. Data preprocessing went through a number of major steps to prepare the data for analysis. Duplicate
tweets were first dropped. Next, hyperlinks, usernames, redundant spaces, and emojis were stripped from the tweet content;
after that, English letters, numbers, some kinds of punctuation, and some special characters (like "$" and "%") were
stripped away. Then, processing steps specific to Arabic were implemented: removing diacritics, resolving tatweel or letter
elongation, and normalizing a certain set of letters. They also removed keywords for scraping tweets and their
morphological variants: War, Russian, Russia, Ukrainian, and Ukraine. Also removed were words found in the stop-words
list given by the Python NLTK library [17] such as: Indeed, He, How, Where, Except, and that which, as they usually do
not carry much meaning. The term Urgent was also removed because that word appeared too often in tweets that either
contained news or were retweets of news.

Stemming plays a cardinal role in text preprocessing, whose operationalization is to reduce words to their roots, and
the Farasa stemmer [18] which has proven to be highly precise, was utilized. Finally, after applying the topic modeling to
the datasets resulting from the complete preprocessing, the domain-specific stop words, i.e., those words that frequently
occur, don't convey much meaning, and would adversely affect the performance of the topic-modeling algorithms, were
detected. It is worth noting that these words vary from one dialect of Arabic to another. To resolve this issue and improve
the quality of the dataset, we opted to use BERTopic, as it determines its topics without a fixed number. The method
obtained 300 topics; they were reviewed in detail by two domain experts who selected the domain-specific words. The
datasets were subsequently cleaned of these words. Examples of the words removed are: This, That, To, Not, Now, Like
this, This, What, if, That, Now. After the cleaning stages, the datasets were reduced to 44,583 tweets prepared for analytical
processes.

3.3. Topic Modeling

Topic modeling has become an effective method for revealing underlying themes in large amount of text, presenting a
comprehensive view of data by probabilistically discovering latent topics that are distributed in words. In this section, we
present the two topic modeling methods used in our research:

3.3.1. Latent Dirichlet Allocation

Among various topic modeling techniques, Latent Dirichlet Allocation (LDA) is possibly the most widely known and
widely used model. Proposed by Blei, et al. [19] in 2003, LDA is a generative probabilistic model which can infer semantic
or hidden (latent) features from a collection of text. Latent Dirichlet Allocation (LDA) is one of the popular and widely
used methods for topic modeling. LDA operates on the foundation that a document can be viewed as a bag of words, with
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words originating from various topics [19]. Consequently, the model samples the probability distribution over words for
each topic and the probability distribution over topics for each document. LDA offers control over these two probabilities
via two parameters, denoted as p and a, respectively [20]. Importantly, LDA is categorized as an unsupervised learning
algorithm, meaning that it does not rely on predefined words. Once the number of topics is determined, each topic is
assigned a distinct class label.

3.3.2. BERTopic

Recently, a relatively new topic modeling algorithm has been gaining attention. Unlike traditional topic modeling
methods such as LDA, BERTopic employs pre-trained language models, especially BERT (Bidirectional Encoder
Representations from Transformers) [21] to extract topics from text data. As an advanced language model, BERT has been
trained on huge amount of textual data and has shown exemplary performance considering several natural language
processes. One prominent advantage of BERTopic is maintaining contextual information and semantic meaning of words in
a document. By using contextual embeddings provided by BERT, BERTopic can identify the topics in a much better and
effective way [22]. Additionally, since the number of topics is not specified beforehand, BERTopic presents much more
flexibility as compared to traditional approaches in topic modeling.

4. Experimental Setup
In this section, we explore the settings and configurations of the topic modeling algorithms we employed, along with
our methodology for determining the optimal number of topics.

4.1. Parameter Settings

In Table 1 we provide an overview of the parameter settings for the two algorithms utilized. As previously discussed,
the BERTopic model operates without predefining the number of topics. However, not specifying the number of topics led
to a high volume of topics, exceeding 300, which exhibited substantial similarity. In our research, we implemented the
BERTopic model with word embeddings sourced from AraBERTVO0.2. Notably, AraBERTVO0.2 is a pretrained transformer
model designed for Arabic dialects and tweets [23].

Regarding the LDA method, we used the "LatentDirichletAllocation™ model from the Python gensim library in this
study. The LDA model is well-established as a robust approach to topic modeling, but needs careful consideration of
several important parameters to optimize performance. One of the most important factors of LDA is the number of topics to
extract from the dataset (K). Roder, et al. [24] proposed a measure of topic coherence that focuses on identifying salient
semantic associations between high-probability words within a topic to provide a more meaningful evaluation of topics. In
addition to determining the number of topics (K), the "passes" parameter specifies how many passes through the corpus to
take during the training procedure and was set to 10 in this study. This is consistent with an iterative process and was based
on consideration of fine-tuning the hyperparameters, which was necessary to induce effective convergence in the LDA
model. A value less than 10 created potentials for insufficient convergence and thus impact the performance of the LDA
model. In addition, the "iteration" parameter in the LDA model was also important to the resultant output of the topics. The
"iterations" parameter specifies how many maximum iterations through the corpus when inferring the distribution of topics.
Changing this parameter may affect the model's accuracy and rate of convergence. For two other important parameters, 3
and o, we chose to keep the values set to their defaults. The defaults represent a symmetric distribution and imply that all
topics are equally important.

Table 1.

Training Parameter Settings.

Model Parameters
BERTOPIC - Language: "Arabic"

- Embedding model: AraBERTVO0.2
- Number of topics: 22

LDA - Corpus: bag of word corpus

- Number of topics: 22

- id2word: implemented dictionary

- Passes: 10

- Iterations: 100

- Alpha and beta: default symmetric distribution

5. Results
5.1. Descriptive Analysis

After preprocessing the raw data, our final dataset consisted of a total of 43,819 tweets. We focused on identifying the
most frequently tweeted bigrams related to the Russia—Ukraine war. Bigrams comprise two consecutive words, irrespective
of their grammar structure or semantic meaning, and may not be self-explanatory. The applicability of this technique,
which has been previously used in Xue, et al. [25] and Xue, et al. [26] to identify the leading topics and trends in Twitter
conversations has been proven successful through the use of bigrams. Some of the identified bigrams include NATO,
European Union, United States, foreign minister, Soviet Union, European country, America-Europe, nuclear weapons,
impose sanction, and America West. Additionally, popular unigrams (single words) related to the conflict include America,
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country, West, global, Europe, NATO, said, Putin, economy, and power. An overview of the most frequently occurring
unigrams and bigrams associated with the Ukraine—Russia conflict is provided in Table 2, and these insights are further
visually represented through word clouds in Figures 2 and 3.

Table 2.

Top 20 unigrams and bigrams and their distributions.

Unigram Percentage (%) Bigram Percentage (%)
America 1.887122 NATO 0.172612
country 1.241229 European Union 0.122856
West 1.069818 United States 0.100179
global 0.894672 foreign minister 0.085772
Europe 0.826775 Soviet Union 0.076035
NATO 0.672038 Europe country 0.074567
said 0.519836 America Europe 0.072433
Putin 0.515834 Europe America 0.067097
economy 0.485820 nuclear weapon 0.063229
power 0.485553 impose punishment 0.058427
income 0.476749 America West 0.056292
China 0.457274 Middle East 0.055359
day 0.457007 West country 0.054158
weapon 0.447269 national security 0.046955
president 0.440600 Arab country 0.046021
intend 0.410053 West America 0.046021
military 0.392178 military operation 0.045221
people 0.388443 China Taiwan 0.045087
Arabs 0.370301 prime minister 0.044420
desire 0.327482 Security Council 0.044020
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Figure 2.
The word cloud of the most popular unigram.
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Figure 3.
The word cloud of the most popular bigram.
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5.2. Russia-Ukraine War—Related Topics
5.2.1. Russia-Ukraine War—Related Topics Using LDA

As previously mentioned, we utilized the coherence metric as our guiding principle to determine the optimal number of
topics for LDA and BERTopic. This metric provides understanding not only about the interpretability of the topics but also
about the words' closeness in each topic's top N words [27]. The C_npmi measure was used in our research for coherence.
The C_npmi measure is based on sliding windows of words and simultaneously computes mutual information between all
possible word pairs but only considers the most frequent ones [28]. To what extent coherence and number of topics were
interconnected, we generated the coherence plots for the entire range of topic numbers from 2 to 50 and found the one with
the highest coherence score. The plots showing the development of the coherence values of both LDA and BERTopic are
shown in Figures 4 and 5 respectively. According to the data presented in Figures 4 and 5, the number of topics, giving the
highest score in terms of coherence differed for the two models. The BERT model determined the number to be 22, while
the LDA model confirmed it to be 10. To address this difference, we applied two different metrics from the R package,
CaoJuan2009 and Deveaud2014, to make our decision for the number of topics [29]. We set our goal to minimize the
CaoJuan2009 measures and on the other hand, maximize the Deveaud2014 measures.

It should be mentioned that the CaoJuan2009 measure normally declines with the rise in number of topics while the
Deveaud2014 measure does the opposite and increases with the number of topics going up. Thus, we were looking for a
point when the metrics became stable which would indicate that there was no change in the outcome. After the scores were
evaluated, a very interesting pattern was observed. The CaoJuan2009 score reached its lowest point with 14 topics, whereas
at the same time the Deveaud2014 score was at its highest point. The agreement of the two measures was so strong that we
were able to conclude without any doubt that the best number of topics, referred to as 'k, is actually 14. The clarity of this
discovery is artistically displayed in Figure 6, which illustrates the results obtained from both measures.

Since initially LDA and BERTopic produced different numbers of topics based on coherence metric and CaoJuan2009
and Deveaud2014 metrics, we opted for empirical experimentation to determine the ideal number of topics. In that process,
we threw three numbers 10, 14, and 22 as possible numbers of topics to human evaluation about topic interpretability.

In the end, after thorough considerations, we found the number 22 as the best choice. These findings are indicative of
the excellent performance of BERTopic. In the coherence metric, the highest coherence score for BERTopic was recorded
at 22 topics, which was more than LDA's score. This means that at the chosen optimal number, BERTopic produced topics
that were more coherent and interpretable, thus, validating its efficiency in our analysis. To provide strong evidence for the
selection of 22 as the optimal number of topics in the LDA model, we carried out an additional analysis. We computed the
topic distance and plotted the intertopic distance in a 2D plane, as stipulated in Chuang, et al. [30]. Figures 6 and 7 exhibit
the results, where each circle on the plot represents a certain topic, either Topic 1 to Topic 14 or 22 in this research. The
positions of these circles were determined based on the calculated distances between the topics. An important observation
is that in the visualization, when employing 22 topics, the circles did not overlap, signifying the emergence of new topics.
This absence of overlap served as a validation of the appropriateness of the 22-topic configuration.

2345678 5101112131415161718192021222324252627282530313233 343536 3730 394041 4243 444546 474849 50
Number of Topics
Figure 4.
LDA — coherence.

Coherence Score

2345678 91011121314151617 181920212223 2425 2627 282930 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50
Humber of Topics

Figure 5.
BERT - coherence.
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LDA - Intertopic Distance for k=22.

The 22 topics generated by the BERTopic are presented in the Table 3. The top ten words per topic are presented.
Generally speaking, the topics are very coherent, and they relate to a specific subject matter. Good coherence within the
topic words ensures that the algorithm works well. This can be due to the fact that the used word embedding takes into
account the dialects and nuances of the Arabic language and the nature of tweets. For example, the eighth topic concerns
the oil and energy market. This is consistent with the fact that wars can disrupt the production, transportation, and
distribution of oil and other energy sources, leading to a decrease in supply and an increase in prices. In topic 12, words are
related to the wheat market. The Russian-Ukraine war can disrupt the global wheat market in the region due to the fact that
Ukraine is one of the major wheat-producing countries in the world. Topic 2 related to the complex political situation in
Syria, in which Russia has played a significant role.

Table 3.

BERT- Top words for each topic - Translated into English.

Topic Number

Topic Words in English

-1

America, country, west, global, Europe, NATO, economy, power, weapon, said

0 Global, knew, upset, solution, you, doesn't know, cup, said, club, entered

1 America, Irag, country, Yemen, west, China, Turkey, Arab, Europe, power

2 Putin, Biden, president, NATO, America, Soviet, west, union, Nuclear, Europe

3 Syria, Lebanon, Bashar, will, criminal, Assad, people, Syria, Israel, Putin

4 Crime, NATO, minister, president, public, foreign affairs, France, Europe, alliance, committed

5 Iran, march, foreign, use, response, Tehran, confirm, minister, utilized, weapon

6 Attack, Libya, said, Haftar, now, Tripoli, Libyan, wants, like this, sheep

7 Power, series, part, army, NATO, Blinken, used, weapon, beginning, nuclear

8 Qil, price, company, OPEC, market, share, barrel, increase, decrease, production

9 Kuwait, Saddam, Kuwaiti, parliament, National, Assembly, Iraq, government, what said, session

10 Morocco, of, Algeria, to, go, will, Qais, country, Tunisia, Happy

11 Remained, want, global, another, people, know, more, said, a lot, subject

12 Price, Egypt, wheat, America, destroyed, happened, life, global, know, country

13 Avoidance, ambassador, London, joining, resignation, NATO, alliance, request, Chinese,
transformation

14 Yedioth Ahronoth, Israeli, taking, Hebrew, neutral, pressure, leadership, stance, government

15 Church, Catholic, Orthodox, religious, patriarch, cross, Christian, Orthodox, denomination

16 Salman, king, new, event, son, crown prince, Khalid, video, prince

17 Arrested, released, Saudi, mediation, Reuters, prisoner, covenant, crown prince, captive, Salman

18 Prisoner, exchange, battalion, Azov Battalion, commander, announced, fighter, military, sacrifice,

information
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19 Invitation, lesson, Muslim, officer, Fajr (dawn), volunteered, championship, champion, foreign,
terrorist

20 British, anchored, port, ship, transport, requested, prevention, minister, debate, eastern

Table 4.

LDA- Top words for each topic - Translated into English.

Topic Top Words in English

0 International, decision, policy, law, tension, sons, issue, imminent, community, series, Ukrainian, word, legal,
happening, period, relationship, relation, tomorrow

1 Will, man, said, news, people, studied, played, blood, situation, benefited, laughed, mind, understood, sure,
account, good, women, knew, hate, million

2 President, minister, launch, foreign affairs, America, defense, name, council, invasion, said, attack, day,
official, statement, security, crime, British, Europe, accused, information

3 Entered, global, said, day, occupied, nothing, enabled, invaded, want, year, words, Iragq, Kuwait, Black, Sea,
subject, time, sympathy, month, will not go

4 Gas, crisis, price, country, oil, wheat, economy, global, Europe, market, increase, raised, source, largest,
increased, energy, impact, oil, prices, significant

5 Weapon, army, nuclear, soldier, force, missile, country, military, strike, oppressor, used, entered, aircraft, land,
sent, strongest, use, mobilization, destroyed, defense

6 Yemen, citizen, homeland, stance, country, order, day, departure, remained, Saudi Arabia, people, Houthi,
came, message, government, defense, number, greater, reached, aggression

7 NATO, alliance, country, entered, Putin, joining, NATO, global, annexation, intervention, entry, Crimea,
military, requested, non, status, direct, general, joined, threat

8 Global, began, new, nuclear, expected, event, outbreak, ended, system, day, situation, erupted, end, matter,
beginning, possibility, subsequent, change, situation, current

9 News, based, happened, country, work, house, life, escape, tried, like this, political, followed, concerned,
security, his work, tried, altercation, beating, system

10 West, media, son, herding, revealed, event, lie, image, truth, channel, spoke, guardian, racism, right, means,
freedom, appeared, dissemination, the world

11 Egypt, people, said, issue, know, a little, coronavirus, must, happened, work, become, together, want, work,
original, enough, become, day, where, finished

12 China, America, global, Taiwan, ally, Korea, Chinese, alliance, entered, West, northern, power, withdrew,
country, front, historical, broke out, pole, new

13 Syria, Iraq, criminal, bombardment, people, city, killed, crime, Putin, Libya, Lebanon, Yemen, child, invasion,
destroyed, victim, Afghanistan, committed, terrorism, right

14 America, Europe, country, union, will, west, entered, interest, Soviet, president, ally, defend, Europe, people,
support, fought, entry, largest, Afghanistan, force

15 Arabs, Muslims, West, country, Israel, Palestine, land, Jewish, people, Zionist, peace, evil, hope, entered,
Islam, occupation, people, stand, Islamic, innocent

16 Separation, act, exposure, witnessed, condemned, once, invaded, caller, lacking, possibilities, stopped, what,
immediately, appeared, edge, apparent, | don't know (peace), percentage, amateur, consideration

17 West, economy, sanction, America, military, will, Putin, attrition, goal, imposed, force, believed, country, loss,
political, managed, endure, long, support, act

18 East, known, Biden, solution, Middle East, region, retreat, hour, horror, background, south, during, start, you,
Donetsk, upset, barrel, will be, obstacle

19 Security, global, third, national, victory, project, viewed, party, Cuba, named, invasion, group, produced, hero,
discourse, nation, face, theoretical, declaration, council

20 Turkey, gang, street, fighting, army, mercenary, encountered, imagination, training, | can, intention, force,
aggression, spirit, Sudan, Syria, great, alive, fighter, story

21 United, Europe, Germany, state, France, president, military, force, announcement, America, aerial, operation,
Washington, announced, house, ambassador, white, ban, Britain, situation

5.2.3.LDA

In Table 4, we outline the results of the 22 LDA topics, illustrating the most frequently appearing words within each

topic.

The LDA and BERTopic algorithms both generated similar topics, such as those related to Food, Oil, Egypt, and Syria.
However, the topics produced by BERTopic had better coherence. This can be due to the fact that the word embeddings
used by BERTopic are considered the dialect of the Arabic language.

5.3. Russia-Ukraine War—9-Related Themes
To strengthen the reliability of our findings obtained through the BERTopic and LDA model, we integrated a
qualitative method focused on gaining a more profound insight into the identified themes. In particular, we followed the

161



International Journal of Innovative Research and Scientific Studies, 8(9) 2025, pages: 152-163

established six-step thematic analysis framework outlined by Braun and Clarke [31]. This thematic methodology centered
on human interpretation, recognizing that it could be influenced by individual comprehension of the themes and potential
biases.

Using thematic analysis, we organized the identified topics into separate themes. The 22 topics have been grouped into

nine main themes, including:

e International Relations and Diplomacy ("International Involvement"): This theme encompasses topics related to
several key players and regions in the context of international relations. Notably, it includes the involvement of
the United States, Iraq, Yemen, China, Turkey, the Arab world, Europe, and the NATO alliance. Discussions
center around a spectrum of issues, such as China’s growing global influence, the intricacies of power dynamics
and alliances among these nations, and the pivotal role of NATO in global security. Additionally, concerns
surrounding Russian actions and their implications for international relations are a significant aspect of these
discussions.

e Comparing Past Conflicts in the Middle East: The Russian-Ukrainian conflict has been compared to previous
conflicts in the Middle East, such as the Syrian Civil War and the Gulf War. Commonly, words such as "lraq,"
"Kuwait," "Saddam," "Syria," and "Bashar" emerge frequently in discussions related to this theme.

e Conflict and Military Operations: This theme focuses on various military strategies, maneuvers, and operations
carried out by the involved parties. For instance, this theme discussed the Battle of Donetsk Airport.

e Economic Consequences: this theme focuses on the financial and economic impacts caused by the conflict. It
examines the repercussions on the economies of the involved nations, as well as the global economic landscape.
Notably, certain countries heavily rely on purchasing large amounts of wheat and oil from Ukraine and Russia.

e Nuclear Warfare Concerns: This theme encompasses discussions regarding the potential of nuclear war as a
consequence of the Russian-Ukrainian conflict and people expressing worries about the prospect of another war.

e Media and Information Warfare: This theme revolves around the aspects of media engagement and information
warfare in the context of the Russia-Ukraine war, highlighting the significance of propaganda and information
dissemination and their influence on public opinion and perceptions.

e Humanitarian Impact and Displacement: this theme, as identified within the LDA analysis, focuses on evaluating
the impact of the Russia-Ukraine conflict on humanitarian conditions, including issues of displacement, refugee
crises, and associated challenges.

e Faith Amidst Conflict: this theme explores religious practices and beliefs during times of war. The theme also
includes expressions of gratitude and good wishes for nations and people.

e Geopolitical Influences on International Sports "The Russia-Ukraine Conflict and FIFA's World Cup Dilemma™:
this theme revolves around the examination of how the Russia-Ukraine conflict influences international sports,
particularly within the context of FIFA's World Cup.

In Table 5, the themes and the corresponding topics of each model are presented. Based on the table, the dominant

themes are International Relations and Diplomacy, Comparing Past Conflicts in the Middle East, Literature Conflict and
Military Operations and Economic Consequences.

Table 5.

Theme and Topic Numbers.

Theme Topic Number from Topic Number from
BERT LDA

International Relations and Diplomacy -1,1,2,4,13 0,2,7,12,14, 21

Comparing Past Conflicts in the Middle East 3,9 3,6,15

Literature Conflict and Military Operations 6,7,18 5, 16, 18, 20

Economic Consequences 8,12, 20 4,17

Nuclear Warfare Concerns 11 8,19

Media and Information Warfare 5,14, 16, 17 1,9,10

Humanitarian Impact and Displacement - 11,13

Faith Amidst Conflict 15,19 -

Geopolitical Influences on International Sports 0,10 -

6. Conclusions

In this paper, we have applied LDA and BERTopic, which are two advanced topic modeling methods, to examine the
perspectives of Arab native speakers regarding the Russian-Ukrainian war. The viewpoints of the Arab-speaking
community were obtained from a Twitter dataset that was created using relevant keywords. Different metrics helped to fix
the number of topics for both LDA and BERTopic, thus ensuring that our topic extraction was relevant and interpretable.
The application of this methodology made it possible for us to uncover the topics and themes in the data that were not only
insightful but also well-defined, thus providing a thorough analysis of the conflict from the perspective of the Arab world.
The analysis revealed a complex set of opinions and debates, thus highlighting the diversity and complexity of the views
held by Arab-speaking populations. One of the major themes was the international involvement, which dealt with the
discussion of the main global players and the Arab world's place in the geopolitical scene. The reference to the past Middle
East conflicts, on the other hand, sheds more light on the understanding of the regional conflict. The economic
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consequences, especially the dependence on Ukrainian and Russian resources and the fear of nuclear warfare are other
findings of great significance.
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