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The exponential growth of Arabic text data in recent years has created an
urgent demand for sophisticated keyword detection techniques that are
specifically tailored to the nuances of the Arabic language. This study
addresses the critical need for efficient tools capable of swiftly and
accurately identifying keywords within a collection of Arabic documents,
particularly when analyzing multiple documents in a corpus. To meet this
challenge, we present a novel corpus specifically designed for keyword
detection in Arabic texts, along with an innovative approach that integrates
three distinct candidate keyword lists: a frequency-based list, a vector space
model list, and a machine learning-based list. This hybrid methodology
leverages the strengths of each technique, enabling a more comprehensive
and effective keyword identification process. We conducted extensive
experimental validation to assess the performance and computational
efficiency of our proposed pipeline. The results demonstrate that our

approach consistently achieves robust performance across a variety of
domains, with evaluation metrics indicating F1-scores that consistently
surpass 91%. Overall, this study contributes to the advancement of
automated keyword detection in Arabic, paving the way for enhanced
information retrieval and text analysis capabilities.
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1. INTRODUCTION

The rapid growth of Arabic text data has created an urgent need for advanced tools capable of quickly
and accurately detecting the most significant terms within a corpus [1]. Automated keyword detection [2], [3] is
a crucial process for various applications, including document summarization [4], search engine optimization [5],
and information retrieval [6]. The literature review reveals a variety of methodologies utilized in automated
keyword detection solutions, including statistical [7], [8], linguistic [9], [10], machine learning [11]-[15], graph-
based [16]-[18], hybrid approaches [19], and large language models [20].

However, existing solutions face several limitations, especially when dealing with the complexities
of the Arabic language. Current automated keyword detection methods often lack linguistic understanding [3],
failing to recognize connections between words that share the same concept. For example, the Arabic words
“ pmall g o5 ymdilh o) yimal ¢ lmding (i sl (you would have attended it, and we will attend, are they attend,
and you let attend, and the urban) share the same concept, “_<=a” (to attend), but automated methods might
miss this connection. They also struggle with word sense disambiguation, as non-diacritized Arabic words
can have multiple meanings depending on the context [21]. This can result in the inclusion of irrelevant
keywords. For instance, depending on the context, the word “al5” (wlm) can have different meanings such as
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«&l3” (and be insane), “43” (and a group), “al5” (and gather), “s15” (and not), “d3” (and why), “a3” (belt), or
“aly” (to eat in a feast). Furthermore, automated methods also often prioritize frequent terms, potentially
overlooking important but less common or specialized keywords [22]. Additionally, when an automated
keyword detection method looks at a single document in isolation, some words may not arise as keywords.
Indeed, when analyzing a corpus, these same words might appear across multiple documents, indicating their
importance or relevance within that collection. Another limitation is that automated solutions can mistakenly
identify insignificant words as keywords while failing to detect certain important ones. Moreover, the
performance of automated keyword detection solutions can vary depending on the processed language [21].
While they may work well in English, their effectiveness in languages like Arabic may be compromised.

To address the constraints observed in previous research, a common strategy involves using a
combination of keyword detection methods. Statistical methods can quickly generate a wide range of
keywords, which can subsequently undergo two rounds of refinement to improve the quality and relevance of
the detected terms. The initial refinement involves employing a vector space model, followed by a second
refinement utilizing a machine learning approach on a newly developed corpus. This tripartite approach
achieves a harmonious balance between efficiency and accuracy, offering a resilient resolution to overcome
the inherent constraints of automated keyword identification. Particularly, it addresses the challenge of
detecting a comprehensive list of keywords for an entire corpus, rather than a keywords list for each
individual document in the corpus.

2. METHOD

The safar keywords extraction tool (SKET), shown in Figure 1, has four main steps: preprocessing,
frequency-based list, vector space list, and machine learning list. The final keywords list is created by
merging the three separate lists from frequency, vector space, and machine learning methods. This merging
uses a logical “and” to pick candidates that appear in all three keyword lists. In the following section, we will
explore the details of each step in SKET.

»I Frequency list }.

I Input text I- Preprocessing -| Vector space list |- Aggregation I Detected keywords

'| Machine learning list |'

Figure 1. Proposed pipeline for keyword detection

2.1. Preprocessing

During this stage, the main objective is to prepare the data for pipeline utilization by removing noise
from the original text. This process includes tokenization and removing punctuation marks, special
characters, non-Arabic letters, and digits. Subsequently, stop-words are removed even though they are
commonly found, as they usually make up 30 to 50% of the text data size and are not deemed as keywords.
The tokens that remain are lemmatized, as it is advised to work with the lemma of the words rather than the
stem, root, or the word itself.

The preprocessing steps are performed using SAFAR tools [23]. The preprocessing process includes
several critical stages: first, the documents undergo tokenization, which breaks the text into manageable
units. This is followed by normalization, where special characters, non-Arabic letters, and tokens that consist
solely of digits or contain both digits and letters are removed. Subsequently, stop-words are eliminated to
focus on the most meaningful terms, and the remaining tokens are lemmatized using the SAFAR lemmatizer [24].
This processing step plays a crucial role in addressing challenges associated with linguistic understanding
and non-diacritized Arabic. This is because lemmatization brings together tokens with the same meaning
under a single lemma, thereby enhancing linguistic understanding. Moreover, the lemmatizer used produces
diacritized lemmas, further contributing to the overall effectiveness of the process. Once preprocessing is
complete, we validate the keyword detection process through three experiments conducted on 80% of the
corpus, while the remaining 20% is used for evaluation.

A three-phase model to keyword detection in Arabic corpora (Driss Namly)
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2.2. Frequency list

In the subsequent phase of SKET, a frequency-based approach is employed to generate a roster of
potential keywords by considering their frequency. In order to achieve this, term frequency (TF) is utilized as
a probability function for every lemmatized token. The tokens with the highest probability are recognized as
potential keywords. The TF statistic gauges the appearance frequency of a token's in the corpus and is
computed by dividing the number of occurrences of the token “f” by the total number of tokens “N” as
follows:

TF =1L (L)

Consequently, in order to identify the initial list, unique lemmas are first identified and their frequencies in
the whole corpus are counted, we sort them from high to low, then, we select the first 50 tokens as keyword’s
candidates.

2.3. Vector space list

In order to prevent the detection of insignificant words, and to prevent the detection in single
document in isolation, we improve the results obtained from the frequency-based step by integrating a vector
space approach into the SKET framework. This step aims to refine the detection of candidate keywords by
pinpointing tokens that exhibit a consistent distribution throughout the entire corpus. Tokens that are
frequently encountered but are confined to isolated paragraphs within a single document are deemed
inappropriate as keywords for the overall corpus. By employing this strategy, we seek to improve the
precision and relevance of the keywords extracted from the textual data.

From an organizational standpoint, a corpus consists of a collection of diverse documents, each
containing multiple paragraphs. In this framework, a token is considered uniformly distributed across the
corpus if it appears in the majority of both documents and paragraphs. To operationalize this concept, we
apply the conventional vector space model to represent the occurrence of tokens instead of entire text
documents. In this revised model, each token is conceptualized as a vector with distinct components
indicating its presence or absence in each paragraph. To identify potential keywords, we have established a
prototype token that is present in every paragraph. The similarity between a token and the prototype is
assessed by measuring the distance in this vector space, utilizing cosine similarity to compare the two
vectors. Tokens that exhibit proximity to the prototype are identified as candidate keywords.

During the construction of the model, we estimate the value of a response variable based on two
explanatory variables, X; and Xz, which represent the presence rate in a specific section of a document and
the presence rate across paragraphs, respectively. The resulting function is formulated as a weighted sum of
these explanatory variables by (2).

P(X)=W1XX1+W2XX2 (2)

In order to determine the weights wy and ws, the significance of each variable is evaluated by testing
different weight combinations and analyzing their impact on the inferred function. The weight pairs tested
include [0.5, 0.5], [0.3, 0.7], [0.7, 0.3], [0.1, 0.9], and [0.9, 0.1] for [w1, w2]. Through this experimentation, it
is found that the maximum average variation in the inferred function is 2.33%, observed between the pairs
[0.5, 0.5] and [0.7, 0.3]. As a result, it is decided to allocate identical weights to every explanatory factor. The
final inferred function is a sum of the explanatory variables with equal weights by (3).

X1+ Xo
2

PX) = @)
To form our list of candidates, we organize the tokens based on their probabilities in a descending manner.
Then, we select the top 50 tokens as potential keywords.

2.4. Machine learning list

In this stage, the efficacy of the frequency and vector space methodologies of SKET is enhanced
through the application of a classification algorithm, which aids in identifying this third set of keyword
candidates. This stage aims to avoid the omission of crucial but less common or specialized keywords by
integrating domain-specific knowledge. The integration of domain expertise is expected to enhance the
accuracy and efficiency of the keyword identification process across different datasets.

To determine the most suitable algorithm for SKET, various classifiers are evaluated based on their
accuracy and execution time (ET). Considering ET is essential as keyword detection tasks often involve real-
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time processing or handling large amounts of data. A metric is calculated that combines ET and proportion of
errors (PE = 1-Accuracy). The inverse efficiency score (IES) is defined as the ET adjusted for the number of
errors made. A lower value of IES indicates superior performance.

(4)

Table 1 presents the results of the classifiers assessed using a constrained dataset comprising 10
news articles obtained from the hespress.com news platform. This dataset included a total of 46,924 tokens,
which were manually annotated with keyword tags. Following this preliminary proof of concept, the findings
can be extrapolated to a more extensive corpus. The IES results offer the possibility of selecting either Naive
Bayes or Logistic Regression as the algorithm of choice. Nevertheless, given the significant difference in
accuracy and the negligible variation in ET, it is clear that Logistic Regression emerges as the most
appropriate option to classify tokens into two distinct classes, namely keyword and non-keyword.

Thus, to generate the third list of keyword candidates, we utilize the logistic regression algorithm
from the WEKA library. The corpus is categorized into two classes: “0” for non-keywords and “1” for
keywords. Upon loading the data file, a “StringToWordVector” filter is applied to convert strings into N-
grams, enabling a more nuanced analysis of the text. The model is then constructed using the logistic
regression classifier. The last stage of SKET entails merging the three candidate lists into a unified list
through a logical “and” operation, which detects tokens that exist in all three lists. To gauge the efficacy of
SKET, the subsequent section outlines the experimental results for evaluating its performance.

Table 1. The outcomes of the comparison between the classifiers

Algorithm Accuracy (%)  Execution time (s) IES
Bayesian logistic regression 100 54.24 54,24
J48 decision tree 96.88 1637.55 1 690,75
Logistic regression 100 11.23 11,23
Naive Bayes 89.3487 9.81 10,97
Random forest 99.95 213.12 213,11
Support vector machine 100 121.98 121,98

3. RESULTS AND DISCUSSION

The section starts with a detailed overview of the corpus utilized. Subsequently, an analysis of the
experiment carried out and its findings is presented. This is then followed by a comparative analysis and an
overarching discussion.

3.1. The CAKE corpus

Our aim is to evaluate our research by utilizing corpora from prior studies; however, unfortunately,
those corpora are unavailable except for the ones listed below:

— Avrabic keyphrase extraction corpus (AKEC) consisting of 160 Arabic documents from a variety of
sources and their keyphrases collected using a large-scale crowdsourcing experiment;

— Arabic dataset for automatic keyphrase extraction (ADAKE) contains 400 documents (1,708,168
tokens) covering 18 topics. Ten Keyphrases per document are extracted a reader;

—  Arabic Wikipedia Corpus (AWC) composed of a dump file of 100 Arabic Wikipedia pages. Keywords
are obtained from the keyword meta-tag associated with each page.

Thus, assessing SKET through the use of AKEC, ADAKE, or AWC is inappropriate due to
individual document limitation. In contrast, SKET is tailored to identify a singular list of keywords
applicable to the entire corpus domain. As a result, we have created the Corpus for Arabic keywords
extraction (CAKE) to tackle this issue. It consists of 2778 news articles, encompassing approximately 4
million tokens in four different categories: Art, Economy, Politics, and Sport. The corpus was sourced from a
news website that was used before and keywords were assigned semi-automatically using lexicons from the
specific domains outlined in Table 2. Figure 2 shows part of CAKE, highlighting how it is divided into
domains. Each domain has a group of articles and a list of keywords. Every article includes a title and a text.

Table 3 displays a variety of statistics comparing the existing corpora with the developed one. The
Arabic Wikipedia Corpus has a moderate number of documents, followed by AKEC, Arabic Dataset, and
CAKE, totaling 2778 documents. The keyword statistics are of utmost importance for our research. AKEC,
Arabic Wikipedia Corpus, and Arabic Dataset provide a set of keywords for each document, while CAKE
offers a single list of keywords for all documents in each domain. CAKE will be accessible for free to
researchers.

A three-phase model to keyword detection in Arabic corpora (Driss Namly)
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Table 2. Lexicons used for tagging process

Lexicon author Year Domain URL
padl) 3 S clallaan 3 e Sl e 2007 Sport https://www.noor-book.com
The Sports Dictionary - - Sport https://www.lexicool.com
Avrabic sports & hobbies vocabulary desert-sky 2007 Sport https://arabic.desert-sky.net
Al 5 Apala®V 5 &y jlaill lallaiadl) G sald T 2000 Economy https://www.mktbty-eng.com
Johall clallaias 5 EBaall lalla Arabic trader - Economy  https://www.arabictrader.com
Arabic media and the art vocabulary desert-sky 2007 Art https://arabic.desert-sky.net
41K A8 Clallaas arch dictionary 2008 Art https://archdic.blogspot.com
Dbl Clallaiadll aaes Apnlpal) dpaiill 0l dgne 2014  Politics https://www.bipd.org
Aoulaud) 5 dgaal) Clalhadll g 5ald sy oo g el all jia 2014 Politics https://www.shams-pal.org
Alatl clallaias i 2eal (gana Jana 2019  Economy https://www.noor-book.com
<AKEC>

<Category="Economy">

1190

>aIlidl LS pguby walldl fagad ol .. "LopLudity Llans)</Title> i
<Text> 3a% pt LOY" tqapdl) duwidly tigs oS0 pd pladl Pie gly cpaddl 5380 "Eopldyy . ow d)" $aL5 WL buyg aed o Llagsdl gyl o8
Sl e SIU aledd Gt pusdid L Jhad o wem susbeadl" ol e cLasl b sidl osmaad @ oM Lead] aabs LS S0 oL

Figure 2. Extract of CAKE

Table 3. Corpora statistics

Corpus Domains Nbr of Documents Avg nbr of tokens Nbr of tokens  Nbr of keywords
CAKE 4 2,778 1,440 4,000,000 235
AKEC 9 160 757 121,074 9,949
Arabic Dataset 18 400 4,270 1,708,168 4,000
Arabic Wikipedia Corpus - 100 2,230 2,123,182 7,606

3.2. Evaluation results

In the experiment, we adhere to SKET, leveraging a 6-core Windows computer equipped with an
Intel(R) Core i7 2.6 GHz CPU and 16 GB memory. To evaluate the performance of our keyword detection
approach, each token in the test set—comprising 20% of our corpus—is categorized into one of four
classifications: true positive, false positive, true negative, or false negative. A token is designated as a true
positive when it is both predicted and tagged as a keyword.

Table 4 presents the weighted average metrics for SKET, including Precision, Recall, and F1-score.
Since F1-score exceeds 91% for all domains, this metrics evaluation provides a comprehensive overview of
the SKET's effectiveness in accurately identifying keywords. Additionally, Table 4 includes two important
time metrics: Th, which indicates the time taken to build the model (measured in hours), and Tp, which
represents the time taken to predict a token (measured in milliseconds).

Table 4. The obtained metrics' outcomes
Domain _ Precision Recall F-score Tb (hr) Tp (ms)
Arts 0945 0941 0938 161 7.066
Economy  0.930 0.920 0.918 177 7.042
Politics 0951 0948 0946 1.76 7.091
Sport 0.984 0983 0.983 1.65 7.006

3.3. Comparative analysis

The second experiment aimed to evaluate the performance of SKET through a comparative analysis
with prior studies. Recent research [25]-[29] has indicated that transformer-based models, outperform
traditional statistical, machine learning, and deep learning techniques in various tasks. To facilitate this
comparison, we downloaded and implemented the Llama-2-7b, Llama-2-13b, Llama-2-70b, and Mistral-7B-
v0.1 models.
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However, our attempts to utilize these LLMs for keyword identification from the corpus
encountered challenges due to limitations in their context size parameters. Specifically, Llama-2 models are
constrained to a context size of 4,000 tokens, while the Mistral model can handle up to 8,000 tokens. This
context size defines the maximum number of tokens that can be processed in a single input, including both
the prompt and the response. Given that the CAKE corpus is relatively large, this limitation hindered the
effectiveness of the LLMs in our comparative study, ultimately making the evaluation of SKET against these
models less relevant.

Nevertheless, we compare SKET with some online LLMs using three randomly selected documents
from CAKE containing fewer than 4000 tokens. As illustrated in Table 5, SKET displays robust precision
and a high F1-score, positioning it as an exceptional model in terms of reliability for positive predictions. On
the other hand, models like GPT-3.5 and Mixtral offer a more balanced performance, albeit with lower
precision and F1-scores.

Table 5. The comparison results

Model Precision  Recall  F1-score
GPT-3.5 0.6481 0.2734  0.3846
Gemini 0.5068 0.2891  0.3682
Llama2-70b  0.2000 0.0781  0.1124
Mixtral 0.3958 0.2969  0.3393
SKET 0.8889 0.7500  0.8156

3.4. Discussion

This study investigated the critical need for efficient tools capable of swiftly, automatically, and
accurately identifying keywords within a collection of Arabic documents. While earlier studies have explored
automatic keyword identification, they have not addressed the single document limitation. SKET, the
proposed tool, consists of several components including preprocessing steps, frequency analysis, vector space
modeling, and logistic regression, which collectively generate three lists of keyword candidates. These lists
are subsequently integrated to form the final compilation of keywords.

The evaluation results for keyword detection on the CAKE corpus utilizing the proposed SKET tool
indicate that the F1-score consistently exceeds 91% across all domains, reaching a maximum of 98.3%
within the sports domain, thereby underscoring the significant effectiveness of our methodology.
Additionally, SKET demonstrates remarkable efficiency, with model construction taking less than 1.77 hours
and token prediction occurring in approximately 7 milliseconds. This assessment confirms both the
effectiveness and computational efficiency of SKET.

Comparative analysis with existing LLMs reveals that SKET outperforms these models in terms of
Precision and F1-score. While transformer-based models demonstrate potential across various applications,
their context size constraints present significant challenges when applied to larger datasets. This constraint
highlights the importance of utilizing a specialized tool such as SKET, which is specifically designed for
efficient keyword identification within large Arabic text collections. By addressing these challenges, SKET
provides a more reliable solution for researchers and practitioners working on keyword detection with large
volumes of Arabic text data.

Our study demonstrates the efficacy of SKET for keyword detection in the Arabic language. Future
studies may explore its application in various linguistic environments. By leveraging the foundational
principles of our model, researchers and practitioners can effectively tailor the system to meet the specific
needs of different languages, enhancing its utility in other applications.

4. CONCLUSION

The SKET employs a systematic approach to keyword extraction through distinct phases. It begins
with a preprocessing stage to effectively address linguistic challenges. Following this, the frequency-based
method identifies potential keywords based on their occurrence within the corpus, using TF as a guiding
metric. To further enhance keyword relevance, SKET incorporates a vector space approach that considers the
distribution of tokens across the entire corpus, thereby filtering out isolated terms. The machine learning
phase introduces a classification algorithm, specifically logistic regression, which captures less common but
significant keywords while integrating domain-specific knowledge to improve accuracy. Finally, SKET
merges the three keyword lists using a logical “and” operation. The evaluation of SKET reveals its robust
performance and efficiency in keyword detection within the CAKE corpus. With an impressive F1-score
consistently exceeding 91%, and peaking at 98.3% in the sports domain, SKET demonstrates significant
effectiveness in accurately identifying keywords across various contexts. The computational efficiency of the
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tool is further underscored by its model construction time of less than 1.77 hours and rapid token prediction
at approximately 7 milliseconds. In comparative analyses, SKET outperformed several transformer-based
models, such as Llama-2 and Mistral, particularly in terms of precision and F1-score.

The limitations faced by transformer models, particularly regarding context size constraints with
larger datasets, further emphasize the necessity for specialized tools like SKET. Its design specifically caters
to the challenges of processing extensive Arabic text corpora, making it a valuable asset for researchers and
practitioners in the field. Moreover, the modular nature of SKET, encompassing preprocessing, frequency
analysis, vector space modeling, and machine learning techniques, lays a strong foundation for potential
adaptations beyond Arabic. This adaptability opens avenues for extending the tool's capabilities to other
languages, thereby enhancing its applicability in diverse linguistic environments.
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