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Abstract

This paper focuses on the training, evaluation, and development of named entity recognition (NER) models
designed for Islamic hadiths in Arabic Utilizing the Hadith Noor dataset, the study uses the BIO (Basic, In, Out)
tagging scheme to classify words or tokens in NER tasks and the segmentation of the text into individual tokens.
The right-skewed distribution revealed by examining the lengths of the Islamic hadiths revealed a right-skewed
distribution, indicating that shorter texts are more common. Texts less than 100 words were most prevalent,
followed by texts between 100 and 200 words, while texts longer than 200 words were rare. The dataset identifies
eight types of entities, such as common names among narrators and locations. The study by training the three
models AraBERT, LSTM and the hybrid model AraBERT-LSTM on Arabic text processing respectively, the
hybrid model showed a performance, efficiency, and accuracy of 0.981, outperforming the rest of the models,
confirming its worth and reliability in NER tasks for natural language in Arabic, especially Islamic hadiths, which
opens the way for exploring further investigations for future research in natural language processing.

Keywords: NER; Entity Recognition; Islamic Hadiths; Noor Al-Hadith dataset; BIO and Hybrid LSTM and
AraBERT

1. Introduction

One of the very important tasks in Natural Language Processing (NLP) is Named Entity Recognition (NER) which
involves classifying entities into predefined categories such as (Person, Imams, Location, Narrator, Book, Tribe,
Date and Event) [1]. The paper focused on the importance of the ability to improve the understanding and
processing of Arabic texts, especially Islamic hadiths, which are rich in cultural context and important historical
events[2].

Hadith, the dataset was subjected to BIO (Basic, Inner, Outer) tagging, a widely used method for classifying words
or tokens in NER tasks [3]. The preprocessing task helps to identify named entities within the text with high
accuracy and then train and evaluate the data for NER modelling [4]. Text cleaning Identify and remove
punctuation characters from text data using string, removing special characters to remove noise and irrelevant
information, stop word removal to eliminate common but useless words, and segmentation to divide the text into
manageable processing units are important preprocessing steps to prepare the dataset for the subsequent steps of
training and evaluation modelling [5]. Analysis of the lengths of Islamic hadiths within the dataset revealed a right-
skewed distribution, with shorter texts being more prevalent. Texts containing less than 100 words were the most
common, followed by texts between 100 and 200 words, while texts exceeding 200 words were relatively rare[6].
Eight entities, including common nouns: person, imam, location, narrator, book, tribe, date, and event, were
identified to identify the dataset [7]. Three different models: AraBERT, LSTM, and the hybrid AraBERT-LSTM
model were studied to evaluate the effectiveness of NER models in processing Arabic texts[8]. Using three models,
the AraBERT model BERT architecture is a transformer-based model pre-trained on Arabic text, especially Islamic
Hadith, to capture contextual relationships within the text, and the LSTM (Long Short-Term Memory) model deals
with sequential data and captures long-term dependencies, and the AraBERT-LSTM hybrid model combines the
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strengths of both previous models, aiming to improve performance by integrating contextual embeddings with
sequential processing capabilities [9].

The comparative evaluation of the three models AraBERT, LSTM and hybrid AraBERT-LSTM between the
accuracy of the three models, which are (0.9661, 0.9536, and 0.981) respectively, shows the superiority of the
hybrid model over the rest of the models. This result confirms its effectiveness and reliability in named entity
recognition tasks [10].

The important contributions of the research in the field of Islamic Hadith, as it provided a powerful performance
for accurately identifying and classifying entities within Arabic text, especially Islamic Hadiths, through
understanding Islamic Hadith literature and paves the way for further investigations aimed at improving similar
models and exploring their applicability to other Arabic text datasets in general [11]. In addition, the hybrid model
can be considered as a reference among other references for future research in natural language processing,
especially in the field of Arabic language processing [12].

2. Related Work

Al-Amari (2022) [13]reviewed most Arabic BERT models, noted improvements and differences, and compared
them with English BERT models. Similarly, Hedhli and Kaboubi (2023) [14]developed a CNN-BiLSTM model
for Arabic dialect identification, which improved accuracy by 2% compared to the baseline models.Youssef et al.
(2020) [15]performed Arabic named entity recognition (NER) using BERT models and achieved an F1 score of
77.62%, showing significant progress.MS Al-Qurishi and R Souissi (2021) [16]proposed a transformer-based CRF
model for Arabic named entity recognition (NER), using the ANERCorp AQMAR dataset, and achieved 89.6%
and 88.5% F1-score respectively. Habbat et al. (2021) [17]achieved 94% accuracy by combining three BiLSTM
and GRU models with AraBERT to perform sentiment analysis in Arabic. Draghmi et al. (2024) [18]created a
CNN-BIiLSTM-GRU hybrid model, which outperformed other models, to detect cyberbullying in Arabic.Al-Sarar
and Al-Rabea (2021) [19]used the BERT-BGRU-CRF model for NER for classical Arabic, and obtained an F1-
measure evaluation of 94.76%. Abo-Elghit et al. (2022) [20]proposed a multi-task learning approach with
AraBERT, showing minor variance in MAPE. An et al. (2022) [21]combined their model with a hybrid RoOBERTa-
LSTM model, and obtained high F1 scores for sentiment analysis in Arabic. Luthfi et al. (2022) [22]used BERT
models for narrator identification, and obtained an F1 score of 99.63%.

3. Method

The dataset is used to train and evaluate NER modelling. Three models (AraBERT, LSTM, AraBERT, and hybrid
LSTM) are trained to recognize named entities. Text cleaning involves identifying and removing punctuation
marks from text data using punctuation and string translation[23]. The data is then trained and evaluated using
performance and confusion matrix of three models and their results are compared. For NER modeling of Islamic
Hadiths in Arabic. Three models (AraBERT, LSTM, AraBERT, and hybrid LSTM) are trained to recognize named
entities.as shown in figure 1.

Load Noor_Hadith dataset
(59430 rows)

\

preprocessing stage method BIO :

Tokenization for
_— Specific Categories:
Text Cleaning: - Date |
Remove Puntuation ;:‘I"l“n“:‘;‘:"'::“:‘“‘ - Location |

- Remove Numbers e e - Book ‘
Remove Special Characters i Person

-Imams |
- Narrator |

Event |
- Tribe |

v

Data Set For Training & Testing

¥

Bulid Training of Three Models:

AraBERT&LSTM Hybird | | AraBERT | LST™M |

i Train Validation Metrics €= NER by Three Training Models
Test Evaluation Metrics for Models <
Accuracy, Precision, Recall and F1-Score

| Result Validation Metrics Result Test Evaluation Metrics
Figure 1. General diagram of the proposed NER method
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3.1 Loading Noor Al-Hadith Dataset

The Noor Hadith dataset, obtained from the Centre for Computational Research in Islamic Sciences, consists of
59,430 text records and forms the basis of our text analysis system and serves as an example dataset[24].
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Figure 2. Noor Al-Hadith Download Dataset.
Enhance its suitability pre-processed to for NER tasks. Its preparation, analysis, extraction, and identification of
8 different kinds are crucial to extract meaningful insights from Islamic hadiths [25].
2.2 Preprocessing

Preprocessing is crucial to ensure data consistency and enhance the accuracy of Named Entity Recognition (NER),
as shown in the following steps:

*Text cleaning: Removing punctuation Use “string. punctuation™ and “str. translate () = to remove punctuation
marks. Removing numbers: Use regular expressions (‘re.sub()’) to remove numbers. and removing special
characters: Similar to removing punctuation, use regular expressions to remove any unwanted characters[26].

« Stop Word Removal: Use the “stp. arabic_stopwords’ to identify and remove common Arabic stop words[27].

* Tokenization: (tokens) are produced by dividing the text into individual words. The analysis showed that most
hadith texts are less than 100 words, with a smaller number of texts ranging between 100 and 200 words[28].
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Figure 3. Top 10 frequency of text lengths.

The barograph shows the distribution of text lengths in the dataset. The most common texts are shorter texts,
especially those under 100 words. Texts between 100 and 200 words appear frequently but are less common. Texts
over 200 words are rare.

2.3 Encoding the Words and Tags

The data uses the BIO format for encoding in NER tasks, classifying words into categories like Person, Imams,
Location, Narrator, Book, Tribe, Date, and Event[29]. The letter B represents the beginning, the letter | indicates
the continuation, and the letter O indicates non-entity words. As shown in table 1.
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Table 1: Entity occurrences and descriptions for words and tags.

Entity Occurrences Entity Description

O 776785 Words outside any named entity
B-M 37993 Beginning of an Imams entity
I-M 67352 Inside an Imams 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

Table 1 shows the frequency of named entities within the dataset, with descriptions of each label. Each entity is
classified as a primary entity (B-), an internal entity (I-), or an external entity (O). The performance of the NER
model is evaluated from these distributions and areas for improvement are identified [30].

2.4 Training AraBERT, LSTM and hybrid AraBERT-LSTM models

Three named entity recognition (NER) models are trained for comparison and to determine the most efficient and
accurate models for processing Arabic texts, especially Islamic hadiths[31]. The models include AraBERT, LSTM,
and the hybrid AraBERT-LSTM model[32].

2.4.1 Training AraBERT Model

It is a transformer model pre-trained on Arabic texts and Islamic hadiths, based on, taking advantage of BERT’s
strong ability to capture contextual relationships[33]. Using the training dataset and creating dense vector
embeddings, AraBERT fine-tuned the NER task[34].

2.4.2 Training LSTM Model

LSTM (long short-term memory) model Training suitable for processing sequential data is the, including long
Arabic texts and Islamic hadiths[35]. Leveraging context from both directions, this process prepares data, creates
dense vector embeddings, and trains a bidirectional LSTM network on the NER task,[36].

2.4.3 Training hybrid AraBERT-LSTM model

This AraBERT-LSTM hybrid model combines contextual embeddings and sequential processing. The process
involves generating embeddings via AraBERT, and routing these embeddings via an LSTM network to improve
the hybrid model for the NER task[37]. The main goal is to formulate and train models that identify the most
efficient and accurate approach to processing Arabic texts, especially Islamic hadiths, in named entity recognition
tasks[38].

2.5 Evaluation AraBERT, LSTM, and hybrid AraBERT-LSTM models
By combining LSTM and AraBERT-LSTM, we evaluated the hybrid models AraBERT, LSTM, and AraBERT-
LSTM, each of which demonstrated unique strengths in capturing contextual relationships and sequential data,
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respectively. The models showed superior results across the evaluation metrics used for precision, recall, and F1
score, along with confusion matrix analysis to identify areas for improvement in model evaluation[39]. AraBERT
excels at contextual understanding, while LSTM excels at sequential dependencies and proven efficiency. The
hybrid model takes advantage of both strengths, providing a stronger performance than the models as shown by
the improvement in accuracy in processing Arabic texts[40].

4. Results and discussion
In this section, we will present and discuss the results obtained from implementing the relevant models as follows:
4.1 Train AraBERT model

The trained AraBERT model was contextual embeddings to capture meanings and classify entities from Arabic
hadith texts, achieving an accuracy of 0. 9661.ts performance in this context of Islamic hadiths in Arabic language
shows a slight superiority noticeably, which confirms its effectiveness and accuracy.
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Figure 4. Training and validation loos and accuracy for AraBERT model.

The AraBERT model learns, as evidenced by low training and validation losses and consistently high accuracy.
This balanced improvement is also evidenced by the increase in accuracy. Stable training loss results indicate the
possibility of overfitting, as shown in figure 4.

4.2 Evaluation of the AraBERT model

Shows high efficiency on NER tasks, with strong performance metrics and areas for potential improvement as
shown in the following two evaluations:

4.2.1 Performance metrics for AraBERT model

The AraBERT model, which is evaluated metrics using precision, recall, and F1-score, is highly efficient in
identifying and classifying different named entities within arabic text, as shown in table 2.

Table 2: 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
11 0.864 0.884 0.874
12 0.8655 0.886 0.875
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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

Xj‘gro 0.8433  0.864  0.8466
vaeéghted 0.8524 08701  0.8548

Table 2 shows AraBERT learning is efficient with reduced losses and improved evaluation metrics, but slight
overfitting indicates the need for further improvement to better generalize to new data.

4.2.2 Confusion Matrix in AraBERT Model

This confusion matrix is a tool for identifying entities that require fine-tuning of their performance. Actual results
are compared to predictions. High matrix scores are shown in categories such as "B-M" and "B-P", while incorrect
classifications such as "O" are indicated with "B-L" and "B-M". The confusion matrix calculation process
calculates precision, recall, F1 scores, and evaluation results to improve the model.
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Figure 5. Confusion matrix for AraBERT model.
The strengths of the model and areas for improvement in NER tasks are shown by the confusion matrix on both
accurate predictions and misclassifications, as shown in figure 5.
4.3 Training LSTM Model

LSTM model improves NER accuracy of named entity recognition demonstrating the model’s strong ability to
process sequential data and accurately identify entities, achieving an accuracy rate of 0.9536.

Model accuracy Model loss
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0951 validation 0.50 4 validation

0.94
0.93 -
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Figure 6. Training and validation Accuracy and Loos AraBERT model

The accuracy graph shows an improvement from 0.88 to 0.95 over. The loss shows a sharp drop in training and a
slower drop in validation. For 10 epochs.
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4.4 LSTM Evaluation Model

The LSTM model shows high efficiency on NER tasks, with strong performance metrics and areas for potential
improvement of the model Performance metrics and confusion matrix as shown in the following two evaluations:

4.4.1 Performance LSTM Metrics Model

The evaluated metrics LSTM model, using precision, recall, and F1-score, is highly effective in identifying and
classifying different named entities within Islamic hadiths in Arabic, as shown in table 3.

Table 3: LSTM model performance metrics.

Class precision recall fl-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
[ 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 0.95

macro avg. 0.73 0.56 0.61
weighted avg. 0.95 0.95 0.95

Class 0 and Class 16 demonstrate high performance with precision, recall, and F1-scores of 0.95-0.99, while
Classes 6, 7, and 8 show lower performance, and Classes 14 and 15 have zero scores. The model achieves an
overall accuracy of 0.95 with a macro average of 0.61 and a weighted average of 0.95.

4.4.2 The confusion matrix the LSTM Model

The performs LSTM model by comparing the actual target values to the predicted values. The number of matrix
predictions made for each entity, where rows indicate predictions labels and columns indicate true labels.
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Figure 7. The confusion matrix for LSTM model

The results shown in the LSTM confusion matrix, for diagonal and off-diagonal cells, where the first indicates
correct predictions and the second indicates incorrect classifications, respectively. The lighter cells indicate higher
error rates. By analyzing the performance of the confusion matrix in figure 7.

4.5 The Training hybrid AraBERT and LSTM model

The hybrid AraBERT-LSTM model combines the technology of capturing the rich and subtle meanings of Islamic
Hadith with the efficient handling of word order and structure, i.e. sequential processing capabilities. Syntactic
complexity, i.e., complex sentence structures, proves its high effectiveness for NER tasks. The hybrid model
achieved an accuracy of 0.981, outperforming the rest of the models we trained. It provided crucial insights into
the possibility of integrating more models, and can be adopted as a future reference for other hybrid models.
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Figure 8. Training and validation Accuracy and Loos hybrid AraBERT and LSTM model.

As shows in figure 8 that the accuracy and loss curves in the two figures indicate how well the model is performing
in prediction, where higher accuracy indicates better performance, while when the validation loss stabilizes, it
indicates the beginning of overfitting.

4.6 Evaluation of the Hybrid AraBERT- LSTM model

To evaluate the performance of the hybrid model, the evaluation of the hybrid model on NER tasks is examined
through the precision, recall and F1 score metrics. The evaluation is also through the confusion matrix between
correct and incorrect predictions. To improve the performance of the model we do this evaluation.
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4.6.1 Metrics of the hybrid AraBERT-LSTM model

The performance of the hybrid model has proven its reliability and effectiveness in the search tasks of entity
recognition in Islamic hadiths. The performance metrics demonstrated strong learning capabilities, and achieved
significant improvements. The advanced integration of contextual embeddings and sequential processing of the
model confirms its efficiency in handling the complexities of Arabic NER tasks as shown in table 4.

Table 4: Hybrid AraBERT and LSTM model performance metrics.

Class Precision Recall F1-Score
0 0.8405 0.8405 0.8405
1 0.9437 0.9437 0.9437
2 0.9633 0.9633 0.9633
3 0.9706 0.9706 0.9706
4 0.976 0.976 0.976
5 0.9785 0.9785 0.9785
6 0.9807 0.9807 0.9807
7 0.9828 0.9828 0.9828
8 0.9842 0.9842 0.9842
9 0.9855 0.9855 0.9855
10 0.9866 0.9866 0.9866
11 0.9875 0.9875 0.9875
12 0.9884 0.9884 0.9884
13 0.9892 0.9892 0.9892
14 0.9898 0.9898 0.9898
15 0.9904 0.9904 0.9904
16 0.991 0.991 0.991
Accuracy 0.981
Macro Avg. 0.9431 0.9431 0.9431
ghted Avg. 0.9431 0.9431 0.9431

By following table 4, the hybrid AraBERT-LSTM model has been improving continuously, with precision, recall,
and F1 score reaching 0.9855 each. The model achieved an accuracy of (0.981), which indicates the performance

evaluation of the hybrid model in Islamic Hadith.
4.6.2 Confusion matrix AraBERT and LSTM model

For each class detailed confusion matrix accurately calculates the true positives, true negatives, false positives,
and false negatives The strengths of the hybrid model and areas for improvement in accurate entity recognition are
revealed, providing a comprehensive and accurate understanding of the performance of the hybrid model. The
performance of the comprehensive confusion matrix model provides cross-entity checking.
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The confusion matrix of the hybrid model. It is shown by identifying the diagonal elements of the matrix that
represent the correct classifications of the model and the off-diagonal elements that indicate the areas of
misclassification, and it shows remarkable accuracy and clarity in identifying the classified entities of Islamic
hadiths in Arabic, as shown in figure 9.

5. Conclusion

The hybrid model, which skillfully combines AraBERT and LSTM, is shown to set a precedent for future advances
in natural language processing for Arabic, especially Islamic hadiths. In Islamic Hadiths in Arabic, named entities
are recognized. The hybrid model outperformed the rest of the models, and the hybrid model achieved an accuracy
of 0.981, outperforming the other models. This result confirms the model’s effectiveness in capturing semantic
and syntactic nuances. The role of preprocessing in the overall efficiency of the hybrid model is demonstrated
through steps, demonstrating its strong learning ability and superior accuracy in dealing with natural language
processing.
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