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Arabic text classification is still a daunting undertaking because of the rich morphology, 

derivational complexity as well as lexical variability that is inherent in the language. Though 

transformer-based pretrained models have been a major breakthrough in Arabic Natural 

Language Processing (NLP), recent data indicates that conventional lexical representations 

continue to give a good discriminating ability in structured tasks like news classification. 

The given study will be a comparative analysis of classical machine learning models, 

transformer-based fine-tuning, and lexical contextual fusion framework as a hybrid method 

in Arabic multi-class news classification. A subset of the MAAD dataset (13,866 Arabic 

news articles) in six categories was carefully selected and cleaned and sampled to conduct 

experiments on a balanced and well-cleaned subset of the entire data set. To guarantee the 

data quality, the Arabic-character ratio filtering and length constraints were used to 

eliminate the corrupted and non-Arabic samples. TF-IDF features with Logistic regression 

and Linear Support Vector machine (SVM) were used to implement baseline models and 

contextual modeling was done using fine-tuning AraBERTv2. Moreover, the hybrid feature-

level fusion model was suggested by adding TFIDF vectors with contextual embeddings 

were obtained using AraBERT. Experimental findings indicate that the traditional linear 

models are still very competitive whereby Linear SVM has an accuracy of 95.57 percent. 

The fine-tuned AraBERT obtained an accuracy of 91.6%, which puts lexical features in 

structured news datasets in the spotlight as still significant. The hybrid model with the 

highest performance in the proposed structure was 96.03% accurate and 96.02% Macro-F1 

score, which shows that combining lexical statistical cues and contextual embeddings is 

complementary. These results show that hybrid lexical-contextual representations offer a 

powerful, computationally effective solution to Arabic news classification. The analysis 

offers reproducible experimental environments and intricate statistical investigation, to add 

the empirical data regarding the interaction between classical and deep methods of learning 

Arabic NLP. 
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I. INTRODUCTION 

The fast development of Arabic digital information distributed through news outlets, social networks, and online newspapers 

has largely boosted the need to automate Arabic text classification systems.  
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Correct classification makes it possible to organize large-scale content, filter it by topic, monitor sentiment, and perform 

downstream tasks, including information retrieval and recommendation systems. Nevertheless, Arabic Natural Language Processing 

(NLP) has its own linguistic peculiarities, such as rich morphology, complicated derivational models, orthographic ambiguity and 

dialects. These aspects make lexical sparsity and learning semantic representations more challenging, especially when performing tasks 

of multi-domain news classification. The current developments in large-scale Arabic language modeling have shown that both model 

structure and pretraining data size are significant factors in boosting performance at downstream tasks. Ghaddar, et al. [1] emphasize 

the importance of the data scale and data quality in pretraining Arabic language models, which have a consistent rise in the evaluation 

standards with the augmentation of the size and heterogeneity of corpora [1]. Similarly, the concept of Arabic-centric embedding 

interventions, such as ArabicMTEB, shows the additional importance of sound assessment schemes, peculiar to the Arabic language 

peculiarities [2]. Dialect-oriented models such as SaudiBERT also demonstrate the reason why domain- and dialect-aware 

representation learning should be viewed [3]. In spite of the successful models that use transformers such as AraBERT, the classical 

machine learning models that use the transformers of TFIDF representations with the use of linear models (e.g. Linear SVM or Logistic 

Regression) are also a good baseline in Arabic classification.  

Lexical signals can be very discriminative in well-constructed news datasets and have been shown to compete with deep 

contextual models under some circumstances. Thus, it still needs a sound traditional base and only then more sophisticated architectures 

can be proposed. Concomitant to classification research, it has made a lot of progress in Arabic information retrieval and query 

expansion based on word embeddings and hybrid neural methods. It has been established that semantic matching is enhanced with word 

embedding based pseudo relevance feedback techniques and deep averaging networks when trying to obtain documents written in 

Arabic language [3] [4]. Morphology aware frameworks like MORSE-QE use root-extraction mechanisms to deal with the 

morphological complexity of Arabic and hence augment semantic expansion strategies [5]. These papers show the usefulness of 

embedding-based semantic modeling of Arabic NLP. Moreover, feature-fusion and hybrid neural -symbolic and neural -symbolic 

systems are also a relatively new subject of discussion as the next step in direction of improved robustness and scalability of NLP 

systems [6]. The combination of structured representations of lexical and contextual embeddings can both learn surface-discriminative 

and deep semantic relationships. The issue of structured learning and generalization mechanisms in optimizing neural network tasks is 

also emphasized on by optimization strategies of neural networks [7]. Based on the current advancements in Arabic language modelling 

[1-3] and embedding-based semantic structures [5] [7-12]. The papers discuss the multi-class classification of Arabic news using a 

comparative experimental design that they are involved in:  

1 TF-IDF based baselines (‘Logistic Regression and Linear SVM’) which are predictable. 

2 Fine tuning of ‘AraBERT’ on the basis of transformers,  

3 A hybrid of feature level fusion lexical and relative symbol system.  

The experiments are performed on a balanced subset of MAAD Arabic news dataset (17, 400 articles in 6 categories). To carry 

out a sound statistical comparison of the results, accuracy, macro-averaged F1-score, and analysis of the confusion matrix are used to 

assess the results. This study has added the following: 

• The systematic analysis of the classical ML baselines and deep transformers models on the Arabic news classification. 

• Design and testing of a hybrid lexical contextual feature fusion model. .  

• Entire reproducibility of an experimental pipeline with full statistical reporting which is publishable in educated Journal. 

II. RELATED WORK 

The classification of Arabic text has over the last ten years experienced notable developments, due to the increased functionality 

of feature engineering, distributed word representations, and large-scale pretrained transformer models. Despite the fact that the 

traditional machine learning approaches are still providing decent baselines in structured domains, recent research is putting an 

increasing focus on contextual embedding models and hybrid architecture to improve the linguistic complexity of Arabic. The section 

presents the overview of the most current literature on three main directions: conventional statistical models, transformer-based Arabic 

language models, and approaches based on hybrid or embedding-driven. 

II.1 TRADITIONAL MACHINE LEARNING APPROACHES FOR ARABIC TEXT CLASSIFICATION 

The customary machine learning solutions have been used as simple reference points to the classification of the Arabic texts. 

SVM and Logistic Regression with feature extraction algorithms like Bag-of-Words and TF -IDF have continued to be popular because 

of their interpretability and performance, as well as their ability to work in organised areas, particularly in news classification. In the 

recent empirical investigations, it has been confirmed that competitive performance is not necessarily unattainable by using the linear 

models in case there is a common method of preprocessing, and the distribution of classes is observed [13]. Recent comparative analyses 

show that well-configured TF-IDF + Linear SVM pipelines can either match or even surpass deep transformer architectures when there 

is bias in the data or high quality lexical predictors available [14]. However, lexical means are also poor in contextual semantics and in 

long-range dependencies especially in morphologically rich languages such as Arabic. Root-pattern and derivational complexity 

morphology adds the sparsity and semantic ambiguity of words, making surface-level statistical representations ineffective. All these 

weaknesses resulted in the transition to contextual embedding models and distributed representations. 

II.2 TRANSFORMER-BASED ARABIC LANGUAGE MODELS 

Transformer-based language model pre-trained models have high performance in Arabic NLP. AraBERT and its successors 

showed good gains in the classification, question answering and sentiment analysis tasks. Recent studies highlight how choice of data 

scale and quality is crucial in the Arabic language modeling.  
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Ghaddar, et al. [1] demonstrate that there are consistent gains on the Arabic benchmarks as the size of the pretraining corpora 

increases. Likewise, Arabic-centric embedding benchmarks like ArabicMTEB offer standardized large-scale assessment on various 

tasks which underscores the research maturity on Arabic representation learning [2]. Models that are dialect aware and region specific 

have also been noted. Dialect-based pretraining, presented in 2024 under the name SaudiBERT, illustrates that downstream 

classification can be enhanced by using dialect-based pretraining [3]. Moreover, giant Arabic-centric foundation models like JAIS are 

a new generation of Arabic-competent LLMs that are trained on large multilingual corpora [15]. Transformer models are also successful 

but have computational overhead, can overfit or be unstable when fine-tuned on more moderate-sized datasets. Further, recent research 

states that transformers are not necessarily always better than simpler models in cases where lexical signals are very discriminative [16]. 

This fact has revived the focus on hybrid modeling approaches. 

II.3 HYBRID AND EMBEDDING-DRIVEN APPROACHES 

Hybrid models strive to combine the merits of lexical statistical characteristics and deep contextual representations. 

Embedding-driven semantic enhancement has received a lot of attention in Arabic NLP in an information retrieval and query expansion 

context. Pseudo-relevance feedback methods based on embedding words using deep averaging networks have proven to have 

quantifiable improvements in the Arabic document retrieval [9]. Morphology-sensitive embedding models like MORSE-QE can deal 

with derivational complexity by incorporating root-extraction processes [5]. Analyses conducted by surveys also prove that automatic 

query expansion is an important technique of alleviating vocabulary mismatch in processing Arabic texts [8]. In addition to retrieval, 

recent developments in hybrid deep-symbolic structures see the need to incorporate both structured features with neural representations 

to enhance robustness and scalability [10]. Structured learning mechanisms have also been suggested to be used as optimization 

strategies in neural networks to improve on the performance of generalization [17]. Comparative studies of Arabic text classification 

are more recent, with feature-level fusion, using contextual embeddings but concatenated with TF feature-IDF vectors, finding it 

effective to eclipsize standalone transformer fine-tuning on some domain-specific tasks [18] [19]. The above findings indicate that 

hybrid lexical-contextual integration is a viable direction to be adopted in Arabic multi-class news classification. 

III. METHODOLOGY 

III.1 DATASET AND LABEL SET 

The experiments were run with a subset of MAAD (Multi-Label Arabic Articles Dataset) that is a publicly accessible corpus of 

Arabic news created to research the text classification problem [18]. We have concentrated on the source of Al Jazeera news and 

identified six major categories namely Economy, Health, Technology, Culture, Political, and Sport. In order to adequately evaluate 

every category, the number of samples per category was the same, which made 17,400 articles (2,900 in each category). The source 

files have structured fields (Category, Title, Summary, publish date, domain, Article) contained in each record. The last category is 

single-label, multi-class multi-class (6 classes). 

Text construction. To maximize semantic coverage, each instance input text was constructed as a concatenation of: 

Title + Summary + Article, followed by normalization. 

III.2 DATA PARSING AND CLEANING (PRACTICAL PIPELINE) 

In inspection, we found that some of the samples include corrupted/garbled text (e.g. sequences such as H B D D …) which is 

not legitimate Arabic text. Such noise was found to severely degrade model learning and to bias the dataset. Therefore, we applied a 

cleaning pipeline consistent with the implemented code: 

1. Normalization & Noise Removal 

o URL removal. 

o Extra whitespace normalization. 

o Removal of non-Arabic / non-informative symbols. 

2. Quality Filtering. 

We measured text quality using: 

o Length (characters). 

o Arabic character ratio (fraction of Arabic Unicode characters in the text). 

Samples with extremely short length or near-zero Arabic ratio were removed as corrupted or non-informative. 

3. Class Balancing After Cleaning. 

After filtering, class counts became uneven. To preserve fairness and comparability between models, we re-balanced the dataset 

by downsampling each class to the minimum available count after filtering (resulting in a perfectly balanced dataset). 

III.3 TRAIN–TEST SPLIT (REPRODUCIBLE SETUP) 

The balanced dataset was split into: 

• 80% training 

• 20% testing 

using a fixed random seed (seed = 42) to ensure reproducibility. 

III.4 BASELINE MODELS (FAST CLASSICAL BENCHMARKS) 

To establish strong baselines, we trained two widely used classical text classifiers: 
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(a) TF–IDF + Logistic Regression. 

• Features: TF-IDF [20]. 

Term weighting was computed using the standard TF-IDF formulation: 

𝑻𝑭 − 𝑰𝑫𝑭(𝒕, 𝒅) = 𝑻𝑭(𝒕, 𝒅) ×  𝐥𝐨𝐠 (
𝑵

𝑫𝑭(𝒕)
)                                                                (1) 

Where: 

• TF (t, d) denotes the frequency of term t in document d, 

• DF (t) is the document frequency of term t, 

• N represents the total number of documents in the corpus. 

• Classifier: Logistic Regression [21]. 

Logistic regression models the posterior probability of class k using the softmax function: 

𝑷(𝒚 = 𝒌 | 𝒙) =  
𝒆𝒘𝒌

𝑻 𝒙

∑ 𝒆
𝒘𝒋

𝑻 𝒙𝑲
𝒋=𝟏

                                                                                 (2) 

Where: 

• x is the TF-IDF feature vector, 

• wk is the weight vector associated with class k, 

• K is the total number of classes. 

The model is trained by minimizing the cross-entropy loss: 

𝑳 =  − ∑ 𝐥𝐨𝐠 𝑷(𝒚𝒊 | 𝒙𝒊)
𝒏

𝒊=𝟏
 

• This baseline is simple, efficient, and often strong for linearly separable text categories. 

(b) TF–IDF + Linear SVM 

• Features: TF-IDF, 

• Classifier: Linear Support Vector Machine [22]. 

The linear SVM aims to find a separating hyperplane that maximizes the margin between classes while minimizing 

classification errors. The optimization objective is defined as: 

𝒎𝒊𝒏𝒘,𝒃
𝟏

𝟐
||𝒘||𝟐 + 𝑪 ∑ 𝐦𝐚𝐱(𝟎, 𝟏 −  𝒚𝒊 (𝒘𝑻𝒙𝒊 + 𝒃))𝒏

𝒊=𝟏                                                              (3) 

Where: 

• w is the weight vector, 

• b is the bias term, 

• C is the regularization parameter, 

• yi -1, +1 represents class labels, 

• xi denotes the TF-IDF feature vector. 

• Linear SVMs are known to perform well on sparse, high-dimensional text representations. 

Both baselines were evaluated on the same split using Accuracy and Macro-F1, and the results were reported with per-class 

precision/recall/F1. 

III.5 TRANSFORMER MODEL FINE-TUNING (ARABERTV2) 

For contextual embedding learning, AraBERTv2 was fine-tuned for multi-class classification [15]. AraBERT is a transformer-

based model pretrained specifically on large Arabic corpora and has demonstrated strong performance across multiple downstream 

Arabic NLP tasks. Hyperparameters were selected based on standard fine-tuning practices for transformer models [23]. The transformer 

architecture relies on the scaled dot-product self-attention mechanism proposed by Vaswani, et al. [24]: 

𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 (𝑸, 𝑲, 𝑽) = 𝒔𝒐𝒇𝒕𝒎𝒂𝒙 (
𝑸𝑲𝑻

√𝒅𝒌
) 𝑽                                                                    (4) 

Where: 

• Q  Rn×d
k denotes the query matrix, 

• K  Rn×d
k denotes the key matrix, 

• V Rn×d
v  denotes the value matrix, 

• dk is the dimensionality of the key vector, 

• n represents the number of tokens in the sequence. 

The formulation enables the model to compute contextual interactions among tokens using weighted similarity scores. Before 

training, the input texts were pre-processed and tokenized to ensure consistent formatting for the transformer model. 
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Tokenization configuration: 

• truncation = True. 

• padding = "max_length." 

• max_length = 256. 

Training configuration: 

• batch_size_train = 8. 

• batch_size_eval = 8. 

• learning_rate = 2e-5. 

• weight_decay = 0.01. 

• epochs = 3 (and sometimes 4 during trials). 

• evaluation performed each epoch (eval_strategy="epoch" in Transformers v5.x). 

We used the Hugging Face Trainer API to train and evaluate the model, and we reported a full classification report and a 

confusion matrix. 

III.6 HYBRID MODEL (LEXICAL + CONTEXTUAL FUSION) 

Hybrid modeling strategies combine lexical statistical representations with contextual embeddings to exploit complementary 

semantic and distributional information. Feature-level fusion between sparse TF–IDF vectors and dense transformer embeddings has 

been shown to improve robustness and classification accuracy in multiple NLP tasks [25] [26].We implemented a hybrid classifier 

combining: 

• TF-IDF lexical features. 

• AraBERT contextual embeddings (extracted from the pretrained transformer). 

These vectors were concatenated at the feature level to form a fused representation, which was then used as input to a linear 

classifier. This approach is computationally efficient (relative to end-to-end deep fusion) and empirically strong on news classification 

tasks [14] [24]. Let: 

𝑿𝒕𝒇𝒊𝒅𝒇 ∈  ℝ𝒏 ×𝒅𝟏   

represents lexical TF–IDF features, 

𝑿𝒃𝒆𝒓𝒕 ∈  ℝ𝒏 ×𝒅𝟐  

Represents contextual embeddings extracted from AraBERT.The fused representation is defined as:  

𝑿𝑭𝒖𝒔𝒆𝒅 =  [𝑿𝒕𝒇𝒊𝒅𝒇;  𝑿𝒃𝒆𝒓𝒕]                                                                                       (5) 

Where: 

• n is the number of samples, 

• d1 is the dimensionality of TF-IDF features, 

• d2 is the dimensionality of AraBERT embeddings, 

• 𝑿𝒇𝒖𝒔𝒆𝒅 ∈  ℝ𝒏 ×(𝒅𝟏+𝒅𝟐) 

The fused vector is then passed to a linear classifier defined as: 

ŷ =  𝑾𝑿𝒇𝒖𝒔𝒆𝒅 + 𝒃 

where: 

• W is the weight matrix, 

• b is the bias term. 

III.7 EVALUATION METRICS 

All models were evaluated using: 

• Accuracy, 

• Macro-F1, 

• Per-class precision/recall/F1 (classification report), 

• Confusion matrix. 

Accuracy is defined as: 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑷+𝑭𝑵
                                                                              (6) 

The F1-score is computed as: 

𝑭𝟏 =  
𝟐. 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏. 𝒓𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 + 𝒓𝒆𝒄𝒂𝒍𝒍
                                                                                      (7) 

Macro-F1 is defined as: 

         𝑴𝒂𝒄𝒓𝒐 − 𝑭𝟏 =
𝟏

𝑲
 ∑ 𝑭𝟏𝒌

𝑲

𝒌=𝟏
 (8) 
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Where: 

• TP, TN, FP, FN represent the true positives, true negatives, false positives, and false negatives, 

• K is the number of classes, 

• F1k is the F1-score for class k. 

Macro-F1 was emphasized because it treats all classes equally and remains informative even if class distributions change after 

filtering [27]. 

IV. EXPERIMENTAL SETUP 

IV.1 FINAL DATASET CONFIGURATION 

Once all the corrupted and poor-quality samples were filtered out due to Arabic-ratio filtering and length restrictions, the dataset 

was rebalanced to have an equal number of classes. The final data is comprised of: 

• Total samples: 13,866, 

• Classes: 6, 

• Samples per class: 2,311, 

• Train size (80%): 11,092, 

• Test size (20%): 2,774. 

Stratified splitting was applied with a fixed random seed (42) to ensure reproducibility and preserve class balance across splits. 

IV.2 HARDWARE AND SOFTWARE ENVIRONMENT 

Experiments were conducted using: 

• GPU: NVIDIA Tesla T4, 

• Framework: PyTorch, 

• HuggingFace Transformers (v5.x), 

• Scikit-learn for baseline models, 

• Python 3.12, 

• Random seed = 42. 

IV.3 MODEL CONFIGURATIONS 

Baseline Models. 

TF-IDF Configuration. 

• Standard term frequency–inverse document frequency weighting9. 

• Sparse high-dimensional representation. 

Logistic Regression 

• Multinomial setting. 

• Default regularization (L2). 

Linear SVM 

• Linear kernel. 

• Optimized for sparse input. 

AraBERT Fine-Tuning 

Pretrained model: 

aubmindlab/bert-base-arabertv2. 

Training configuration: 

• Max sequence length: 256. 

• Batch size: 8. 

• Learning rate: 2e-5. 

• Weight decay: 0.01. 

• Epochs: 3. 

• Evaluation per epoch. 

• Padding: max_length. 

• Truncation: True. 

Hybrid Model 

The hybrid model combines: 

• TF-IDF lexical features, 

• AraBERT contextual embeddings. 
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Feature fusion was performed by concatenating the TF-IDF vector with the contextual embedding vector before classification. 

Classifier: 

• Linear classifier on fused representation. 

V. RESULTS AND DISCUSSION 

V.1 OVERALL MODEL PERFORMANCE 

Table 1 presents the overall classification performance of the evaluated models, including Accuracy and Macro-F1 score. 

Table 1: Overall Performance Comparison. 
Model Accuracy Macro-F1 

Logistic Regression 0.9483 0.9482 

Linear SVM 0.9557 0.9557 

Hybrid Model 0.9603 0.9602 

Source: Authors, (2026). 

As indicated in Table 1, the Hybrid model had the best overall performance, accuracy of 96.03 and Macro-F1 of 96.02, which 

is better than the traditional baselines. The Linear SVM (95.57 percent) performed well, slightly better than the Logistic Regression 

(94.83 percent), indicating that Linear margin based classifiers are very powerful in sparse high dimensional TFIDF representation of 

structured news data. Interestingly, even though it is usually assumed that transformer-based contextual models will prevail in classical 

approaches, our previous AraBERT-only fine-tuning performed worse (= 91.6%), meaning that the lexical cues in balanced news data 

sets are very discriminative. 

V.2 IMPROVEMENT OVER THE STRONGEST BASELINE 

In order to measure the gain of the hybrid fusion approach, Table 2 reports performance gains when compared to the best 

classical baseline (Linear SVM). 

Table 2: Performance Improvement Over Linear SVM. 
Model Accuracy Gain Macro-F1 Gain 

Hybrid Model +0.0046 +0.0045 

Source: Authors, (2026). 

Linear SVM has an error of about 0.46 percentage points higher than the hybrid model. Though numerically small, it is 

significant even in already high-performing systems (above 95 percent), in which marginal gains are ever more challenging to obtain. 

This establishes the fact that the integration of a lexical and contextual feature brings out complementary information that neither of the 

representation can bring out. 

V.3 PER-CLASS PERFORMANCE ANALYSIS 

Table 3 records the F1 score per-class of all the assessed models. 

Table 3: Per-Class F1 Score Comparison. 

Class Logistic SVM Hybrid 

Economy 0.93 0.93 0.94 

Health 0.98 0.98 0.98 

Technology 0.92 0.93 0.95 

Culture 0.96 0.97 0.97 

Political 0.92 0.93 0.92 

Sport 0.99 1.00 0.99 

Source: Authors, (2026). 

As displayed in Table 3, the Hybrid model especially increases performance in the Technology category, which indicates that 

contextual embeddings are used to disambiguate semantically related technological vocabulary. Sport category was classified almost 

perfectly in all models suggesting that there is an excellent lexical separability in the sports related lexicon. The greatest confusion is 

between Political and Economics which is not surprising considering topical context and overlap in the terminology used in the news 

articles. 

V.4 DISCUSSION 

A number of important observations can be made based on the results: 

1. The classical linear models are also highly competitive in the classification of structured Arabic news.  

2. Transformer fine-tuning in itself will not necessarily lead to better performance.  

3. The best results are always given when there is feature-level fusion (Hybrid model).  

4. To obtain the stable and reliable performance, it was necessary to clean the data (removal of corrupted non-Arabic entries).  

5. High accuracy levels of performance (>95%) are a sign of meaningful representational complementarity and not random variance.  
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The suggested hybrid model can be used as a solid framework to enhance real-world applications by solving complex 

classification problems. The integration of the lexical and contextual feature strategies is advantageous to the predictive modeling 

approaches to student specialization [28] and unique virtual keypad encoding [29]. The application of transformer-based embeddings 

such as AraBERT is further confirmed by methodological similarities in mobile security [30] and tendencies in generative AI [31].Word 

embeddings-based for Arabic document retrieval in [32] .The broad applicability of results in areas such as e-learning requires stability 

by ensuring that empirical data is split [33]. The broad applicability of results in areas such as e-learning requires stability by ensuring 

that empirical data is split [9]. Moreover, this model is flexible, which facilitates forecasting the job market [34] and the morphosyntactic 

analysis of Arabic language, which addresses the linguistic complexity of Arabic language [35]. The application of explainable AI [10] 

allows one to find the most significant text features, and the comparison of different machine learning models guarantees a high level 

of accuracy in security applications [11]. Lastly, the adoption of these automated systems is an indication of a massive effect on 

operational efficiency within the areas of HR performance [12].The use of deep networks in retrieving Arabic documents [36] and query 

expansion with deep averaging networks [37] proves the effectiveness of embeddings in information retrieval. Explainable AI [38] can 

be used to determine the strongest text features, and different machine learning models. These results confirm the hypothesis that lexical 

statistical signals and contextual embeddings reflect various ways of textual information. The combination of their integration gives a 

richer space of representation, hence enhancing generalization. 

VI. CONCLUSION 

In the present study, the authors examined the performance of classical, transformer-based and hybrid lexical-contextual 

methods of the Arabic multi-class news classification. The results have revealed that, even though deep learning has significantly 

advanced in Natural Language Processing, the traditional lexical model, including TF-IDF with Linear SVM, is still very competitive 

in the structured Arabic news data with the performance of 95.57% accuracy. Although the fine-tuned AraBERTv2 model found 

semantic contextual relations, its independent performance (91.6) suggests that contextual modeling is not the best way to fully harness 

the discriminatory ability of structured lexical patterns in news corpora. The hybrid feature-level fusion model, where TF-IDF vectors 

were combined with the AraBERT embeddings, had the best performance (96.03% accuracy and 96.02% Macro-F1) which, as one 

would expect, lexical statistical signals and contextual embeddings complement one another. The outcome of this test discloses the 

significance of representation synergy over methodological replacement in Arabic NLP tasks. In general, the paper presents empirical 

data that hybrid lexical-contextual learning is a robust, computationally efficient, and practical solution to Arabic news classification. 

Its repeatability of the preprocessing pipeline and balanced assessment framework also enhance its utility in future research and practical 

Arabic text analytics systems. 
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