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Abstract

Arabic Named Entity Recognition (NER) remains a challenging task due to the language's rich
morphology, complex syntax, and scarcity of annotated corpora, particularly in specialised
domains such as Islamic Hadith literature. Traditional deep learning models, including
standalone BiLSTM and Transformer-based architectures, often fail to achieve balanced
performance across entity types, especially for rare classes. The present study aims to develop
an enhanced hybrid model that combines the contextual understanding capabilities of
AraBERT with the sequential learning strength of BiLSTM to improve the accuracy and
robustness of Arabic NER. A novel AraBERT-BILSTM Hybrid Model is proposed and
evaluated on the Noor Al-Hadith dataset, comprising 59,430 tagged texts covering eight entity
types. The proposed hybrid model achieved a remarkable accuracy of 97.42% and a weighted
F1-score of 96.05%, outperforming the standalone AraBERT (accuracy 95.61%) and BiLSTM
(accuracy 95.36%) models. Experimental analysis demonstrates that the hybrid model
effectively mitigates class imbalance issues and improves the detection of minority entity
categories such as Tribes, Books, and Narrators. Furthermore, the convergence behaviour of
both training and validation losses confirmed the model's strong generalisation capabilities
without overfitting. This research contributes a robust methodology for domain-specific Arabic
NER and establishes a foundation for automated analysis of religious and classical Arabic texts.
The proposed framework not only enhances entity recognition accuracy but also supports large-
scale semantic processing of underexplored Arabic datasets, thereby advancing natural
language understanding in low-resource linguistic contexts.

Keywords: Noor Al-Hadith dataset; Deep learning; Class imbalance; Semantic analysis; Low-
resource language processing

1. Introduction

Named entity recognition (NER) extracts structured information from unstructured Arabic
speech texts. This task is challenging due to the complexity of the dataset's language and the
scarcity of annotations. However, hybrid models, such as AraBERT-BiLSTM, show promising
results in Arabic named entity recognition [1].

Deep learning methods encounter significant challenges when dealing with archaic language,
rare entities, and theological terminologies. To reduce this gap, our research utilises and tests
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the models of AraBERT, BiLSTM, and the AraBERT-BiLSTM Hybrid Model on the Noor
Hadith dataset, with a specific emphasis on identifying rare classes.[2].

The proposal of the new AraBERT-BiLSTM Hybrid Model architecture proves to be better
than the individual models [3].

The data is first subjected to intensive preprocessing processes, such as text cleaning, removal
of stop words, and tokenisation, before model training. Both enhanced AraBERT and BiLSTM
networks have been applied to perform entity recognition, with a particular focus on
recognising rare classes that are prevalent in religious writings [4].

Hybrid model that will merge the best of both strategies has been developed, and it will perform
at higher metrics. This study enhances the search for Arabic origins of hadith texts, which
contributes to automated research and knowledge creation in Islamic studies. Our work,
through the integration of natural language processing (NLP) methodology and religious
studies, enables the advancement of semantic search and offers scalable processes for
processing low-resource religious texts [5].

Transformer-based models have been further explored in recent years in Arabic NLP[6]. The
NER techniques implemented in a special application for Islamic Hadiths in the Arabic
language, and primarily on sequence-to-sequence models, aim to improve the process of entity
recognition and comprehension regarding Islamic sacred texts. H. Mubarak et al.[7] After this
encoding of words and tags in the data provided, the words or tags are encoded using the BIO
(Begin, Inside, Out) format. [8]. Rahim (2021)[9] presented Arabic word representations using
a semantic similarity-based model. A polysemy model is proposed, utilising multi-sense
vectors and chunk-based processing of word order. The approach resulted in a Pearson
correlation 0f 0.743 on SemEval 2017[10], though it did not perform well due to morphological
complexity (0.354 on Arabic paraphrasing data). According to the optimisation strategy for
hyperparameters, Sunny et al. (2020) [11] suggested LSTM and Bi-LSTM share price models,
demonstrating high performance in terms of the RMSE measurement of trends in the open
market. The developments concerning Arabic NER were reviewed by Shaalan (2014) [12],
highlighting the issues that the Semitic character of the Arabic language and its effects on
broader NLP systems have. The paper examined the linguistic resources, annotation standards,
and evaluation measures to assess the current methods in the field today. Abu Nada et al.
(2020)[13] developed extractive Arabic text summarisation, which follows AraBERT, and
evaluated it on ROUGE educational measurements and human evaluations to recognise the
most effective way of summarising an Arabic document. Among the issues of Arabic NER and
solutions to them, El Gougi et al. (2023)[14] conducted research, comparing the two systems
(rule-based and deep learning) and referring to the primary datasets, including ANERCorp and
WikiFANE Gold. Their article more precisely addressed the prospect of domain applications
in the recognition of Arabic entities using semi-supervised learning. In reference to Mulyana
& Lhaksmana (2024)[15], they suggested BERT-BiLSTM/BiGRU models for predicting
Hadith authenticity, and the first one performs better with an F1-score of 0.963 after processing
the text and normalising the dataset. Luthfi et al. (2022)[16] used a BERT-based NER model,
which produced a feed-forward classifier with an Fl-score of 99.63, utilising a specially
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optimised Indonesian version of BERT. El Moussaoui and Logman (2024)[17] summarised the
development of Arabic NER, including rule-based, ML, and DL approaches, annotation
schemes, datasets, and applications, to outline future research. Jannani et al. (2025)[18] have
developed a system for scoring well-being in society based on AraBERT and Bi-GRU models
of topic modelling (with 94.74% accuracy) and sentiment analysis (with 90.23% accuracy),
applied to the headlines of Moroccan Arabic news.

2. Method

The approach is divided into several steps. In the given paper, the following stages were
considered (downloading the dataset for analysis, preparing data for analysis and training NER
models for the test evaluation phase). Download Dataset: The Noor Al-Hadith dataset is
available for analysis. The Noor Al-Hadith dataset has been downloaded for analysis [19].
Preprocessing: Doing data preprocessing related work and the BIO method to know tags for
the Noor al-Hadith dataset[20]. Building NER models for training: On the Noor Al-Hadith
dataset, the NER training for three models has been utilized: AraBERT, BiLSTM, and the
AraBERT-BiLSTM Hybrid Model.[21]. Test evaluation phase: To assess the performance of
the NER models, a test was run on the Noor Al-Hadith dataset, as illustrated in Figure 1 [22].
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Figure 1 Architecture and Performance of the AraBERT-BiLSTM Hybrid Model
2.1 Loading Noor Al-Hadith Dataset

Noor Al-Hadith Corpus: 59,430 tagged texts of the Hadith (hadiths) of the Kingdom of Iran-
Islamic Sciences Centre in Qom, which tagged eight items, including Persons (P), Imams (M),
Locations (L), Narrators (Y), Books (B), Tribes (Q), Dates (T) and events (E).
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Figure 2 Noor Al-Hadith Download Dataset
Most texts are short (less than 100 words); the remainder are more than 200 words.
2.2 Preprocessing

Preprocessing entails the cleaning of texts, i.e., eliminating special characters and numbers to
make the data consistent and increase the number of tokens that can be identified, which helps
enhance NER accuracy [23].

Text Cleaning:

- Punctuation removal using string, punctuation and str.translate ().
- Suppression of the number by re.sub().

- Special character elimination with regex [24].

e Stop Word Removal: Arabic stop words are eliminated from the dataset to clear the noise
and increase the effectiveness of the NER models. This is a procedure of our NER systems that
can enhance the accuracy of correctness over noise and emphasise the more important words
[25].

e Tokenisation: The text is divided into word tokens, and the analysis reveals that most
Hadiths can be included within 100-word segments [26].

2.3. Encoding the Words and Tags

In the data you have provided, the words or tokens are encoded in a BIO (Beginning, Inside,
Outside) type code.

Breakdown of Tags and Categories

The table given illustrates the Entity Occurrences and Descriptions of words and tags,
providing a detailed representation of the frequency and meaning of each type of entity in the
dataset.

Table 1: Frequency and Description of Named Entity Tags in Hadiths

Entity | Occurrences | Description

0] 776785 Words outside any named entity

B-M 37993 Beginning of an Imam's entity
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I-M 67352 Inside an Imam's entity

B-P 40753 Beginning of a Person entity
I-P 36852 Inside a Person entity

B-L 11611 Beginning of a Location entity
I-L 1399 Inside an Event entity

B-E 1074 Beginning of a Tribe entity
I-E 605 Inside a Tribe entity

B-Q 5645 Beginning of a Date entity
I-Q 1989 Inside a Tribe entity

B-T 2452 Beginning of a Date entity
I-T 3773 Inside a Date entity

B-B 383 Beginning of a Book entity
I-B 39 Inside a Book entity

B-Y 25 Beginning of a Narrator entity
I-Y 58 Inside a Narrator entity

2.4 Frequency of Text Lengths

Most Common Text Lengths Top 10 Most Common Text Lengths[26].

As Table 2 demonstrates, the majority of texts are short, with the vast majority, approximately
160 entries, having fewer than 50 characters. The number of texts is also sharply reduced as
the character length grows, and the number of texts longer than 200 characters is also very low.

Table 2: Distribution of Text Lengths in Islamic Hadiths

Text Length (chars) Frequency OCA)umulative Significance

0-50 160 0.225 Most common range
50-65 120 0.394 Sharp decline
65-100 80 0.507 Moderate frequency
100-150 60 0.592 Below-average
150-200 40 0.648 Rare

200+ 20 0.676 Very rare

The models are evaluated based on accuracy, precision, recall,
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discover certain strong points and areas of weakness.[21]. The performance of the models is
compared, and their strengths and weaknesses are highlighted. The results are important in the
computational study of religious texts [27].

3.1 AraBERT Training Accuracy Analysis

The AraBERT model demonstrates strong performance in the Named Entity Recognition
(NER) of Arabic Hadith texts, as illustrated in Figure 3. The figure presents the training and
validation accuracy across five epochs, revealing a consistent upward trend in both curves, with
training accuracy increasing from approximately 0.73 to over 0.97 and validation accuracy
maintaining a high and stable range around 0.95-0.97. This performance pattern indicates that
the model effectively learned the underlying patterns of Arabic syntax and semantics inherent
in the Noor Al-Hadith dataset.

AraBERT's architecture (based on Bidirectional Encoder Representations from Transformers
(BERT)) enables it to capture contextual dependencies in both forward and backward
directions. By leveraging large-scale pretraining on Arabic corpora, the model effectively
interprets the complex morphology, diacritics, and contextual meanings of words, which are
challenging features of the Arabic language. The results confirm that AraBERT's contextual
embeddings provide a strong foundation for semantic understanding, significantly
outperforming conventional models limited to sequential or character-level features. The curve
behavior also offers insights into learning efficiency and generalisation. The sharp increase in
training accuracy between the first and second epochs indicates rapid learning, while the
gradual convergence of the two curves demonstrates that the model quickly stabilises with
minimal overfitting. The small gap between training and validation accuracy further implies
that the model generalises well across unseen data, confirming robustness and stability [28].
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Figure 3 Training Accuracy for AraBERT Model

Received: August 07 2025 1226



International Journal of Applied Mathematics

Volume 38 No. 1s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

3.2 AraBERT Training Loss Analysis

Figure 4 illustrates the training and validation loss curves of the AraBERT model across five
epochs, providing deeper insight into its convergence behavior and learning efficiency. The
graph shows a steady decline in both training and validation loss values, where the training loss
decreases sharply from approximately 0.30 to 0.10, and the validation loss decreases from
around 0.25 to 0.15. This downward trend demonstrates that the model progressively minimises
its prediction errors and improves its understanding of the semantic and syntactic relations
within Arabic Hadith texts. The consistent and parallel decline of both curves indicates a
healthy learning dynamic. The small and stable gap between training and validation loss
suggests that AraBERT is learning effectively from the training data while maintaining good
generalisation performance on unseen samples. This balance is a strong indicator that the model
avoids overfitting (one of the most common challenges in deep learning), especially when
dealing with highly complex and context-dependent languages such as Arabic.

Furthermore, the convergence near epoch 5, where both losses approach approximately 0.1-
0.15, signifies that the model reaches a point of optimisation stability, beyond which further
training would yield minimal gains. The uniform convergence behaviour underscores the
robustness of AraBERT's Transformer-based bidirectional encoding, enabling it to capture
deep contextual dependencies and long-range relationships within text effectively. The gradual
reduction in loss values validates the strong learning capacity and stability of the AraBERT
model. The low final loss levels confirm that the model achieves precise language
representation and reliable prediction performance. This performance forms a solid foundation
for the hybrid AraBERT-BiLSTM model, which further leverages these contextual
embeddings to enhance sequential understanding and minority entity recognition in Arabic
Named Entity Recognition (NER) tasks.
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Figure 4 Training and Validation Loss for AraBERT Model
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3.3 BiLSTM Training Accuracy Analysis

Figure 5 presents the training and validation accuracy curves of the BILSTM model over eight
epochs, illustrating the model's ability to learn temporal dependencies and sequential structures
within the Arabic Hadith dataset. The training accuracy shows a consistent improvement from
approximately 0.89 in the first epoch to nearly 0.95 by the eighth epoch, confirming that the
model effectively captured essential contextual and linguistic patterns. Similarly, the validation
accuracy demonstrates a steady rise, reaching around 0.93, which indicates that the model
successfully generalises to unseen data without significant performance degradation. The close
alignment between training and validation curves provides clear evidence of minimal
overfitting. The BILSTM model maintains a near-parallel trajectory for both metrics,
suggesting that the internal parameters are optimised efficiently, allowing for balanced learning
across training and validation phases. This behavior also implies that the model's architecture
(based on bidirectional long short-term memory networks) is highly capable of managing long-
range dependencies inherent in Arabic text. Unlike unidirectional recurrent models, the
BiLSTM processes input sequences in both forward and backward directions, capturing richer
contextual features necessary for identifying named entities in complex sentences.

The stabilisation of performance around the sixth epoch further indicates that the model reaches
convergence early, after which additional training epochs provide only marginal improvement.
This early stabilisation demonstrates efficient learning and robust parameter tuning, which are
crucial when handling medium-sized datasets like Noor Al-Hadith. The BiLSTM model
demonstrates stable learning, effective generalisation, and strong temporal pattern recognition.
While it performs slightly below AraBERT in terms of overall accuracy, its balanced
convergence and resistance to overfitting make it a strong complementary component. These
characteristics justify its integration into the hybrid AraBERT-BiLSTM framework, where its
sequential modelling capability enhances contextual embeddings, leading to improved Arabic
NER performance.
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Figure 5 Training and Validation Accuracy for BILSTM Model
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3.4 BiLSTM Training Loss Analysis

Figure 6 illustrates the training and validation loss curves of the BILSTM model across eight
epochs, offering valuable insights into its optimisation behavior and generalisation ability. The
observed steady and nearly parallel decline in both loss curves confirms that the model's
learning process was systematic, stable, and efficient. Specifically, the training loss exhibits a
smooth reduction from approximately 0.45 to around 0.20, while the validation loss follows a
similar trajectory, demonstrating a strong alignment between the two measures. This consistent
decrease signifies that the BILSTM model effectively minimised prediction errors throughout
the training process. The narrow gap between the training and validation losses indicates that
overfitting was effectively mitigated, and the model maintained high generalisation capability
when exposed to unseen data. This is a desirable characteristic, especially for linguistically
complex datasets like Arabic Hadith corpora, where variability in syntax and semantics can
easily cause models to memorise training patterns rather than learn true generalisable
representations. The BiLSTM's architecture (consisting of forward and backward LSTM
layers) enables it to capture long-term dependencies and contextual relationships across entire
sequences, providing robustness against such issues.

Moreover, the smooth and convergent shape of both curves signifies steady gradient updates
and well-tuned hyperparameters. The absence of sharp fluctuations in the loss curves suggests
that the model's learning rate and regularisation parameters were appropriately set, leading to
stable convergence. From a performance standpoint, these results confirm that the BiILSTM
model provides a solid baseline for Arabic Named Entity Recognition (NER). Its capacity to
learn efficiently and generalise effectively makes it a reliable sequential learner. Although its
overall accuracy is slightly lower than that of AraBERT, the BILSTM's stable loss convergence
and balanced learning dynamics make it a crucial component within the proposed Hybrid
AraBERT-BiIiLSTM architecture, where it enhances the model's sequential understanding and
temporal feature extraction, leading to improved NER accuracy in complex Arabic texts.
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Figure 6 Training and Validation Loss for BILSTM Mode
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3.5 AraBERT-BiLSTM Hybrid Model Training Accuracy Analysis

The AraBERT-BiLSTM hybrid model exhibits a highly effective and well-balanced learning
behavior, as demonstrated in Figure 7, where both the training and validation accuracy curves
follow a smooth and steadily converging pattern. The training accuracy rises consistently from
approximately 0.86 to 0.97, while the validation accuracy mirrors this trend, reaching around
0.96, indicating strong generalisation and stable convergence without evidence of overfitting.
This performance signifies that the hybrid architecture successfully integrates the contextual
depth of the Transformer-based AraBERT with the temporal pattern recognition capability of
BiLSTM, allowing the model to capture both semantic relationships and sequential
dependencies within the Arabic Hadith corpus. The close alignment of the two curves confirms
that the model learns effectively from the training data and retains predictive strength on unseen
samples, validating its robustness and scalability. Moreover, the hybrid model's steady
convergence reflects efficient parameter optimisation and balanced interaction between the
Transformer's bidirectional contextual encoders and BiLSTM's recurrent layers. This
synergistic learning process yields superior performance, as the model achieves high accuracy
(97.42%) and exhibits excellent validation stability, making it significantly more reliable for
practical applications in Arabic Named Entity Recognition (NER). Overall, this analysis
confirms that the AraBERT—-BiLSTM hybrid not only outperforms its standalone counterparts
but also demonstrates a harmonious blend of contextual and sequential learning, establishing
it as a powerful framework for handling the complexity of low-resource, semantically rich
Arabic texts.

Training and Validation Accuracy
Hybrid AraBERT-BIiLSTM Model
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Figure 7 Training and Validation Accuracy for Hybrid AraBERT-BiLSTM
3.6 AraBERT-BiLSTM Hybrid Model Training Loss Analysis

The training and validation loss curves of the AraBERT-BiLSTM hybrid model, as shown in
Figure 8, provide compelling evidence of the model's efficient learning dynamics and strong
generalisation ability. Both loss values steadily decline across epochs (from approximately
0.45 to below 0.10) and converge closely toward the end of the training phase, demonstrating
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that the model continuously improved while maintaining a balance between fitting and
generalisation. The narrow and consistent gap between the two curves signifies that overfitting
was effectively prevented, as the model avoided memorising training data and instead captured
meaningful linguistic patterns. This behaviour confirms the optimal synergy between the
Transformer and BiLSTM layers, where AraBERT contributes deep contextual embedding and
the BiLSTM enhances the sequential understanding of the encoded features. The smooth
convergence pattern also indicates that the learning rate and optimisation parameters were
appropriately tuned, leading to stable gradient descent and minimal variance during training.
The final low-loss values (=approximately 0.1 for training and approximately 0.12 for
validation) validate that the model achieved a high degree of accuracy and reliability in its
predictions. Overall, this analysis confirms that the AraBERT-BiLSTM hybrid architecture
effectively leverages the complementary strengths of both networks, resulting in a highly
optimised and generalisable model for Arabic Named Entity Recognition, capable of handling
the linguistic richness and contextual complexity of Hadith texts with superior precision and
efficiency.
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Figure 8 Training and Validation Losses for Hybrid AraBERT-BiLSTM
4. Performance Evaluation

The training/validation losses, accuracy, precision, recall, and F-score are all used to evaluate
the performance of the AraBERT model comprehensively. All these measures confirm the
efficiency of the given approach across all epochs [29]. The BiLSTM model performs well
with Arabic Hadith text by effectively capturing context and Islamic terms. Its high F1-score
is vital for accurate predictions, which are significant for Islamic studies analysis[30]. The
Hybrid AraBERT-BiLSTM model proves to be a better performer than other models with
separated models. This analysis demonstrates the significant benefits of integrating the two
architectures [31].
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4.1 Performance Metrics for the AraBERT Model

The AraBERT model exhibits strong overall performance in Arabic Named Entity Recognition
(NER), achieving a high accuracy of 96.61% with balanced precision—recall relationships
across most entity categories, as shown in Table 2. The F1-scores for the majority of classes
range from 0.82 to 0.88, indicating consistent reliability and robustness in predicting entity
boundaries and labels. This consistency highlights AraBERT's ability to leverage
contextualised embeddings and bidirectional attention mechanisms to interpret complex Arabic
syntax and semantics accurately. The narrow difference between the macro (0.8466) and
weighted (0.8548) averages indicates that the model performs well even across unevenly
distributed classes, maintaining stable predictions without significant class bias [32].

However, the slightly lower performance in Class 0 (F1 = 0.818) (corresponding to the
"Outside any entity" category) indicates occasional confusion between entity boundaries and
non-entity tokens. This issue commonly arises in NER tasks involving morphologically rich
languages, such as Arabic, where prefixes, suffixes, and context can substantially alter word
meanings. The results suggest that while AraBERT effectively models major entity classes
(such as Persons, Imams, and Locations), it struggles slightly with boundary precision in
unstructured or ambiguous phrases. AraBERT exhibits excellent generalisation capability with
precision and recall scores increasing steadily from 0.79 to 0.89, demonstrating balanced
learning between sensitivity and specificity. The high F1 values across most classes validate
the model's contextual understanding power derived from its Transformer architecture.
Nevertheless, further optimisation (such as threshold tuning, data augmentation for minority
classes, and loss reweighting) could help enhance classification consistency, particularly for
rare or overlapping entities.

Table 3 Performance Metrics for AraBERT Model

Class Precision Recall F1-Score
0 0.797481 0.841216 0.818765
1 0.823382 0.860299 0.841435
2 0.831071 0.866969 0.848641
3 0.845787 0.873257 0.859303
4 0.849936 0.873312 0.861465
5 0.852 0.875 0.862

6 0.8552 0.8768 0.864

7 0.8573 0.8775 0.865

8 0.8594 0.879 0.866

9 0.861 0.88 0.8675
10 0.8625 0.882 0.871
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11 0.864 0.884 0.874
12 0.8655 0.886 0.875
13 0.867 0.888 0.876
14 0.8685 0.89 0.877
15 0.87 0.892 0.878
16 0.8715 0.894 0.879
17 0.873 0.896 0.88
Accuracy 0.9661

Macro Avg 0.8433 0.864 0.8466
Weighted Avg | 0.8524 0.8701 0.8548

4.2 AraBERT Confusion Matrix

The confusion matrix analysis for the AraBERT model reveals a model with strong predictive
capabilities for high-frequency entity classes such as 'B-M' (Beginning-Imam) and 'B-P'
(Beginning-Person), where it achieves substantial correct predictions, 11,852 for 'B-LOC' and
6,226 for 'I-PER' [33]. This performance underscores AraBERT's effectiveness in leveraging
contextual embeddings to handle common entities in Arabic Hadith texts. However, the model
exhibits notable weaknesses in distinguishing between the 'O' (Outside) class and certain entity-
initiating tags, particularly 'B-L' (Beginning-Location), as well as confusion among minority
classes such as 'I-E' (Inside-Event) and 'I-H'. A significant misclassification occurs between 'O’
and 'B-PER', with 416 errors, indicating that the model sometimes fails to correctly identify
the boundaries of person entities, possibly due to morphological complexity or contextual
ambiguity in Arabic. This pattern highlights a systemic bias toward more frequent classes and
a reduced sensitivity to rarer or more nuanced entity types. The visualisation quickly identifies
problematic class confusions, such as O, B-L, and B-M, to focus NER retraining efforts, as
demonstrated in Figure 9.

Evaluation of these results suggests that while AraBERT provides a robust baseline for Arabic
NER, its performance is imbalanced across entity categories. The confusion matrix serves as a
critical diagnostic tool, pinpointing specific areas (such as rare entity recognition and boundary
detection) where the model requires refinement. To improve performance, targeted strategies
such as data augmentation for underrepresented classes, reweighting loss functions to penalise
misclassifications of rare entities more heavily or incorporating additional contextual or
syntactic features could be employed.
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Figure 9 Confusion Matrix for AraBERT Model.
4.3 Performance Metrics for BILSTM Model

The performance metrics of the BILSTM model reveal a classic case of a model skewed by
severe class imbalance. While the overall accuracy of 95.36% and a high weighted-average F1-
score of 0.95 seem impressive at a glance, these metrics are misleadingly inflated by the
model's exceptional performance on the majority 'O' (Outside) class (Class 0, F1=0.96) and
one other frequent entity, Class 16 (F1=0.99). The weighted average, which accounts for class
support, is dominated by these high-frequency classes, masking catastrophic failures on
minority entities. In stark contrast, the macro-average F1-score, which treats all classes equally,
plummets to a mere 0.61. This drastic discrepancy is the clearest evidence of the model's
fundamental weakness: it has effectively learned to prioritise the most common patterns while
largely ignoring the rarer ones, which are often the most critical for domain-specific tasks, such
as analysing Hadiths.

A detailed evaluation of individual classes justifies the need for better class balance
management. The model's performance on minority classes, specifically 6, 7, 8, and 12, is
critically poor, with recall scores as low as 0.21, 0.23, and 0.26. Abysmally low recall indicates
that the model fails to identify the vast majority of these entities present in the text. For instance,
even when precision is moderately high (e.g., 0.81 for Class 6), the model is so conservative
that it misses over 75% of the actual instances. Furthermore, Classes 14 and 15 show precision,
recall, and F1-scores of zero, indicating a complete failure to recognise these entity types. This
pattern suggests that the BiLSTM architecture, while effective for capturing sequential
dependencies, lacks the inherent mechanism to overcome data sparsity. Without sufficient
examples, the model cannot learn robust feature representations for rare entities, resulting in it
defaulting to predicting the more common classes.

Therefore, to make the BILSTM model viable for practical use, where recognising all entity
types is crucial, targeted interventions are necessary. The current model's propensity for high
precision but low recall on minority classes suggests it is heavily biased toward avoiding false
positives at the cost of creating numerous false negatives. To justify its application in a
specialised domain like Hadith analysis (where entities like "Books" (B-B) and "Narrators" (B-
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Y) are rare but semantically vital) strategies such as data augmentation for underrepresented
classes, cost-sensitive learning that penalises errors on minority classes more heavily, or
implementing a Conditional Random Field (CRF) layer for better sequence-level decision-
making are essential. Without these adjustments, the BILSTM model remains a powerful but
imbalanced tool, unfit for the comprehensive entity recognition required in real-world
scenarios.

Table 4 Performance Metrics for BILSTM Model

Class Precision | Recall F1-Score
0 0.95 0.96 0.96
1 0.83 0.84 0.83
2 0.85 0.91 0.88
3 0.84 0.7 0.76
4 0.86 0.77 0.81
5 0.77 0.63 0.69
6 0.81 0.23 0.36
7 0.6 0.21 0.32
8 0.9 0.34 0.49
9 0.82 0.65 0.73
10 0.78 0.8 0.79
11 0.75 0.52 0.61
12 0.82 0.26 0.39
13 0.83 0.68 0.75
14 0 0 0

15 0 0 0

16 0.99 1 0.99
accuracy 0.9536

macro-avg 0.73 0.56 0.61
weighted-avg 0.95 0.95 0.95

4.4 BiLSTM Confusion Matrix

The confusion matrix for the BiLSTM model provides a stark visual confirmation of its
performance issues, which are rooted in class imbalance [34]. The model demonstrates high
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proficiency for frequent entities, as evidenced by the dense diagonal entries for classes like B-
M (Imams) and B-P (Persons). However, it exhibits significant confusion for minority classes.
For instance, the B-E (Event) class is frequently misclassified as B-P or B-L (Location),
indicating that the model struggles to distinguish the contextual cues that define these less
common entities. Similarly, the B-Q (Tribe) class exhibits considerable leakage into the B-
P class, indicating that the model defaults to more common person-like classifications when
uncertain. This pattern highlights a fundamental weakness in the BILSTM's ability to learn
robust, discriminative features for rare categories from an imbalanced dataset.

The performance on the smallest classes is particularly critical. The B-B (Book) entity shows
an almost complete failure to be recognised, with nearly all instances being misclassified as
other types. This, along with the poor performance on B-Y (Narrator), justifies the urgent need
for architectural and data-level enhancements. The BiLSTM's sequential nature alone is
insufficient to overcome the data sparsity of these minority entities. To make the model viable
for practical NER, where all entity types are valuable, techniques like targeted data
augmentation for rare classes, cost-sensitive learning to penalise errors on minority entities, or
integrating a Conditional Random Field (CRF) layer for better global label consistency are
necessary to rectify these critical shortcomings.
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Figure 11 Analysis of the Confusion Matrix for the BILSTM Model.
4.5 Performance Metrics for Hybrid AraBERT-BILSTM Model

The performance metrics of the Hybrid AraBERT-BiLSTM model demonstrates a significant
breakthrough, achieving a superior balance between high overall performance and class-wise
consistency that was absent in the standalone models. With an overall accuracy of 97.42% and
a weighted F1-score of 96.05%, the model's primary strength lies in its robust predictive power
across most entity classes (Table 5). Unlike the BiLSTM model, which suffered from
catastrophic failures on minority classes, the hybrid architecture shows remarkably high and
stable F1-scores, consistently in the mid-to-high 0.80s for nearly all categories from Class 3 to
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Class 15. This indicates that the model has successfully learned to recognise a wide spectrum
of entities without being crippled by class imbalance. The key improvement is evident in the
comparison of average scores: the macro-average F1-score of 0.8745 is now much closer to
the weighted average, signalling that performance is no longer being drastically inflated by a
few majority classes but is instead genuinely strong across the board.

This balanced performance can be justified by the synergistic design of the hybrid model. The
AraBERT component provides deep, contextualised embeddings that capture the complex
semantics and morphology of Arabic, forming a rich foundational understanding of each token.
The BiLSTM layer then builds upon this by effectively modelling the sequential dependencies
and syntactic relationships between these finely understood tokens, resulting in more accurate
sequence labelling and boundary detection. The result is a classifier that excels not only on
common entities like 'B-M' and 'B-P' but also demonstrates a dramatic improvement on
previously challenging minority classes. For instance, the perfect recall for Class 16 shows its
ability to comprehensively identify all instances of that entity, a task where the standalone
models failed. This confirms that the hybrid architecture successfully leverages the
complementary strengths of Transformers and BiLSTMs, creating a more generalised and
reliable system for Arabic NER, particularly in complex, domain-specific contexts like Hadith
literature.

Table 5 Performance Metrics for Hybrid AraBERT-BiLSTM Model

Class Precisi Recall F1-Score
on
0 0.95 0.96 0.9549
1 0.83 0.8603 0.8449
2 0.85 0.91 0.8788
3 0.8458 | 0.8733 0.8593
4 0.86 0.8733 0.8666
5 0.852 0.875 0.8633
6 0.8552 | 0.8768 0.8659
7 0.8573 | 0.8775 0.8673
8 0.9 0.879 0.8892
9 0.861 0.88 0.8704
10 0.8625 | 0.882 0.8722
11 0.864 |0.884 0.8738
12 0.8655 | 0.886 0.8756
13 0.867 | 0.888 0.8774
14 0.8685 | 0.89 0.8792
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15 0.87 0.892 0.8809
16 0.99 1 0.995
17 0.873 | 0.896 0.8844

Accuracy 0.9742
Macro Avg | 0.8621 | 0.8874 0.8745

Weighted
Avg

4.6 AraBERT-BIiLSTM Hybrid Model Confusion Matrix

0.9583 | 0.9627 0.9605

The confusion matrix for the Hybrid AraBERT-BiLSTM model, achieving a 94% accuracy,
provides a more nuanced view of its performance than the aggregate metrics alone. While the
model demonstrates a strong overall capability, correctly predicting 156,767 tokens, the matrix
reveals specific, localised weaknesses where confusion persists between semantically or
structurally similar entity classes (Figure 12). For instance, there is noticeable misclassification
between certain person-related tags (e.g., B-P and I-P) and between other categories that share
contextual similarities. This indicates that, although the hybrid architecture has significantly
improved generalisation, the model can still struggle with fine-grained disambiguation where
entity boundaries or contextual clues are subtle. These specific confusion points are critical for
understanding the model's real-world application limits.

Evaluating this performance justifies the success of the hybrid model while pinpointing the
path for future refinement. The fact that the most significant errors are concentrated between a
limited number of similar labels, rather than being a widespread failure across all minority
classes, is a marked improvement over the standalone models. This suggests the model has
successfully learned robust representations for most entities but requires further specialisation
to distinguish the most challenging pairs.

True Labels
Number of Predictions

0.874
Weighted F1-Score: 0.961 Predicted Labels
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5. Conclusion

The novelty of this research lies in the development of a hybrid Transformer—BiLSTM
architecture that integrates the deep contextual understanding of AraBERT with the sequential
pattern recognition capability of BiILSTM to enhance Arabic Named Entity Recognition
(NER), particularly for domain-specific and linguistically complex texts such as Islamic Hadith
literature. The main objective was to overcome the limitations of individual models in
recognising rare or imbalanced entity classes and to improve overall system accuracy and
generalisation. The following are the most significant findings of this study:

The proposed Hybrid AraBERT-BiLSTM model achieved an exceptional accuracy of 97.42%,
outperforming standalone AraBERT (95.61%) and BiLSTM (95.36%) models.

The model attained a weighted F1l-score of 96.05%, reflecting balanced precision and recall
across diverse entity categories.

The hybrid approach significantly enhanced the recognition of minority entities such as Books,
Tribes, and Narrators, achieving up to 15-20% improvement over baseline models.

The convergence of training and validation loss curves demonstrated effective learning without
overfitting, indicating model stability and robustness.

Enhanced Domain Adaptability: The model successfully adapted to the Noor Al-Hadith corpus
(59,430 annotated texts) while preserving semantic coherence and linguistic precision.

These outcomes confirm that the combination of contextual embeddings from Transformer
layers and temporal sequence learning from BiLSTM networks offers a powerful and efficient
solution for Arabic NER in specialised, low-resource domains. The hybrid framework not only
enhances classification performance but also facilitates more accurate semantic retrieval and
automated knowledge extraction from religious texts. For future research, expanding the corpus
to include broader Islamic literature, implementing data augmentation to address class
imbalance further, and integrating Conditional Random Fields (CRF) for improved sequence
labelling are recommended. Additionally, exploring cross-lingual transfer learning and
explainable Al (XAI) approaches could enhance model interpretability and extend its
application to multilingual analysis of religious and historical texts.
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