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1. INTRODUCTION

Named entity recognition (NER) is a subtask of natural language processing (NLP) that focuses on
identifying and classifying named entities within a text into predefined categories such as people,
organizations, locations, dates, and other specific tags. NER is crucial in extracting meaningful information
from unstructured text that exists on the web and social media.

NER is a fundamental task in several NLP applications. For example, integrating NER into machine
translation systems helps improve translation quality by accurately identifying and preserving named entities
such as people, places, and organizations, which are often mistranslated or omitted in traditional translation
models [1]. NER plays a crucial role in question-answering systems, enabling the system to retrieve relevant
passages to a question by identifying the named entities in the question [2]. In text summarization, NER
helps in identifying different named entities to keep them in the summary [3].

A significant portion of NER research is dedicated to English, whereas building a robust Arabic
NER system still presents greater challenges than in other languages [4]. This refers to several challenges for
the Arabic language. Arabic has a rich morphology where suffixes and prefixes can be added to words,
making a single word equivalent to an entire English sentence [5]. For example, " 4{s$iu " translates to
“they will write it”. Furthermore, in Arabic, there is no capitalization, which plays a crucial role in
identifying proper nouns [6].

To address these challenges, we propose a deep learning approach for Arabic named recognition
(ANER). In this approach, we employ the AraELECTRA pretrained language model to represent the
meaning of the Arabic text as vectors. To enrich this representation, we use a variant of the recurrent neural
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network (RNN), which is the bidirectional long short-term memory (BiLSTM), investigating the impact of
the CNN-BIiLSTM combination on the NER task.

We organize the rest of this paper as follows: in the next Section, we review the existing Arabic
datasets for the ANER task, as well as the proposed approach of other researchers. In Section 3, we describe
the proposed model and the dataset used. The obtained results are presented and discussed in Section 4.
Finally, we conclude with a conclusion and future perspectives.

2. RELATED WORK
Several datasets and models were created for the Arabic NER task. In this section, we review the
most commonly used datasets as well as the most recent models.

2.1. Arabic named entity datasets

Benajiba et al. [7] collected 316 articles from Arabic newspapers to create ANERCORP, which
contains 150,286 tokens categorized into four entities: location (LOC), person (PERS), organisation (ORG),
and Miscellaneous (MISC). CLEANANERCo rp: is a cleaned version of the ANERCORP dataset released by
Al-Duwais et al. [8]. They add 1.33% missing labels and correct 5.11% incorrect labels.

Mohit et al. [9] collected articles on sports, history, science, and technology from Wikipedia to
create the American and Qatari Modeling of Arabic (AQMAR) dataset for NER model assessment. They
manually tagged the dataset with the following tags: person (PER), location (LOC), and organisation (ORG).

Alsaaran and Alrabiah [6] Created CANERCorpus, a dataset for classical Arabic NER by collecting
258,264 words from the Sahih Al-Bukhari book. They use 20 entity types, including person, location,
organization, Allah, prophet, and time.

DzNER is a dataset for NER for Algerian dialect constructed by Dahou and Cheragui [4]. It consists
of 21836 sentences collected from YouTube and Facebook, annotated to three entities: PER for person, ORG
for organization, and LOC for location.

Another dataset for ANER called Wojood was created by Jarrar et al. [10]. It provides a dataset for
nested Arabic NER comprising 16,999 tokens and another dataset for a flat NER dataset with 58,273 tokens.
In both datasets, the tokens are tagged with 21 entity types, including PERS, DATE, and LANGUAGE.

Ligreina et al. [11] added 31 subtypes to Wojood, resulting in Wojood rin, a fine-grained dataset for
ANER. A financial NER dataset was created by Abdo et al. [12] by collecting financial articles from Arabic
newspapers, resulting in a dataset composed of financial articles from Arabic newspapers.

2.2. Arabic named entity models

For the ANER task, several models have been developed. In this section, we review the most recent
method focusing on the deep learning approaches. Table 1 summarizes these approaches.

The first shared task for ANER was released by Jarrar et al. [13]. In this task, the Wojood corpus
[13] was used for flat and nested ANER [14] was the winning team for the NER flat task with an F1-score of
91.96%. Whereas Laouirine et al. [15] won the second task by achieving an F1 Score of 93.73%.

Ligreina et al. [11] compared pretrained language models, including ARBERT [16], MARBERTV2,
and ARABERTV2 [17] for the fine-grained ANER task using the Wojood fine dataset. ARBERT achieved
the highest F1 score of 92%.

ABIoNER is a BERT-based language model for Arabic biomedical NER developed by Boudjellal et
al. [18]. They fine-tuned AraBERT [16] using the same dataset as that used for training AraBERT, combined
with medical data collected from various medical sources. ABioNER outperformed Arabert and BERT
multilingual cases by achieving an F1 Score of 85% when tested for medical data.

AraBERT [16] and bidirectional gated recurrent unit (BGRU) were employed by Alsaaran and
Alrabiah [19] for an ANER model, which was trained on the ANERCorp dataset merged with the AQMAR
dataset, achieving an F1 Score of 90.68%. A BiLSTM-CRF-based model was proposed by Mekki et al. [20]
for Tunisian dialect NER. They used the Tunisian TreeBank corpus to train the model and TAD46 and
TMDA49 corpora to evaluate it. This model reached an F1-score of 91.43%.

Al-Qurishi and Souissi [21] combined different language models, including AraELECTRA [22],
AraBERT [16], and XML-Roberta with the random conditional field (CRF) algorithm. For training, they
used AQMAR and ANERCorp datasets. AraBERT-CRF achieved the best results with an accuracy of 99%.

AMWAL is the first Arabic NER model designed for the financial domain, developed by Abdo et
al. [12] using SpaCy’s built-in NER toolkit. The model was trained on a dataset tailored for the financial
field, which was created by the same researchers, achieving an F1 score of 95.97%.

Mekki et al. [20] proposed a BiLSTM-CRF-based model for NER in the Tunisian dialect. The
model was trained on the manually annotated and POS-tagged Tunisian Treebank corpus. Evaluation was
conducted using the TAD46 and TMD49 corpora, where the model achieved an F1 score of 91.43%.

Language models and deep neural networks for Arabic named entity recognition (Somia Khedimi)



144 a ISSN: 2502-4752

Alsaaran and Alrabiah [19] developed a deep learning model for NER in classical Arabic using the
CANERCorpus. The model leverages the AraBERT pre-trained language model to extract contextualized
representations of the input text. It combines BiLSTM, BGRU, and CRF layers, achieving an F1 score of
94.76%. In another study, Salah et al. [23] adopted an ML approach for classical Arabic NER, where they
employed NB, which achieved an F1 score of 80%.

Table 1. Summary of Arabic NER models

Reference Dataset Model Evaluation
[11] Wojood fine ARBERT F1-score= 92%
[18] A medical dataset AraBERT F1-score= 85%
[19] ANERCorp, AQMAR AraBERT+BGRU F1-score= 90.68%.
[20] TreeBank,TAD46, TMD49 BiLSTM-CRF F1-score= 91.43%
[21] AQMAR, ANERCorp AraBERT-CRF Accuracy= 99%
[12] Financial datasets SpaCy’s NER toolkit F1-score= 95.97%.

3. MATERIALS AND METHODS
In this section, we describe the architecture of the proposed model and the dataset used.

3.1. Dataset

In this research, we chose to work on the Wojood NER dataset for several reasons. Firstly, it is a
recent large dataset composed of 26k sentences and 550k tokens. Secondly, the Wojood dataset is structured
for two types of NER: flat NER and nested NER. Finally, the tokens are annotated on 21 entity types,
providing a rich and fine-grained semantic representation of semantic information, which is crucial for
training a comprehensive model, especially for languages with rich morphology, such as Arabic.

To create Wojood, Jarrar et al. [10] collected articles from diverse sources and various topics. The
second part of the dataset was extracted from Birzeit University's archive. In addition to a dataset of
Palestinian dialects [24] and a dataset of Lebanese dialect [25]. Wojood is composed of 550k tokens
manually annotated into 21 entity types described in Table 2, and Table 3 represents the size of the dataset.

Table 2. Wojood entity types description

Tag Description Tag Description

PERS People names DATE Specific or relative dates
NORP Group of people TIME Specific or relative times

OCC Occupation LANGUAGE Named human language

ORG Organizations WEBSITE Name of website

GPE Geopolitical like countries LAW Reference to a specific law

LOC Geographical locations CARDINAL Numerals written in digits or words

FAC Names of specific places ORDINAL Ordinal number

PRODUCT Names of products PERCENT A word or a symbol referring to a percent
EVENT Name of an event QUANTITY value measured by standardized units
CURR Any name or symbol referring to currency. UNIT Names of standardized units
MONEY Absolute monetary guantity

Table 3. WojoodNER dataset size
Training set Devset  Test set
Dataset size (sentences) 23125 3304 6606

3.2. Model architecture

For the Arabic named entity recognition, we train different models on the WojoodNER flat train
dataset. It is composed of 550k tokens annotated into 21 entity types.

The first model is a combination of the AraELECTRA language model with the BiLSTM neural
network. We use AraELECTRA to extract a contextualized representation for each token as a vector of shape
(50, 768), where 50 is the maximum sequence length and 768 is the hidden size in the AraELECTRA model.
This vector is then fed into a BiLSTM layer of 128 units to capture bidirectional contextual dependencies in a
sequence. Finally, a softmax dense layer is applied for classification. The architecture of this model is
depicted in Figure 1.

In the second model, we replace the BIiLSTM with BGRU networks. The final model is a
combination of AraELECTRA, a convolutional neural network (CNN), and BiLSTM. AraELECTRA is used
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for word embedding, while CNN helps capture local patterns and short-term dependencies, and BiLSTM
models long-range and bidirectional context.

Evaluation
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Figure 1. AraELECTRA-BILSTM model architecture

4. RESULTS AND DISCUSSION

In this section, we present the obtained results of each model. We select 1000 examples from the
WojoodNER test datasets to evaluate each model. Table 4 represents the test accuracy achieved by each
model. The BiLSTM model outperforms the other models, achieving an accuracy of 98.29%. while the
BGRU and CNN-BIiLSTM achieve 97.70% and 97.97% of accuracy, respectively. On the other hand,
BILSTM achieves 86%, 88%, and 87% precision, recall, and F1-score, respectively, outperforming the
BGRU and CNN-BIiLSTM models, as depicted in Figure 2.

Table 4. Test accuracy for each model
Model BiLSTM BGRU CNN-BILSTM
Test accuracy 98.29% 97.70% 97.97%

In named entity recognition, the context before and after a word is crucial to identify its type; in
addition, the meaning of a word depends on both distant and nearby context. For example, in the sentence
Gl g pmamo iy &l iun®) the word “ <04 s a first name of a person, not the adjective ‘blessed’. For this
reason, we need a model that can capture the long and short-term dependencies between the words. On the
other hand, both LSTM and GRU have memory cells and gates, but the LSTM's memory is more complex
than the GRU’s memory, which allows them to capture long-term dependencies better than the GRU.

Although CNNs are useful for extracting local patterns, a standalone BiLSTM performs better than
the combination of CNN-BILSTM for NER. CNN applies filters, generally small 2-5, over windows of
tokens, which can modify the structure of the sequence, causing loss of information. In contrast, BiLSTM
processes the sequence token by token in both directions, capturing Long-range dependencies which CNN
often misses.

In Table 5, we compare our model with the previous proposed models for ANER using the
WojoodNER dataset. [14]addressed the NER problem as a span classification problem, where they used
AraBERT followed by BiLSTM for token representation. Whereas [15] relied on DiffusionNER and Parallel
Instance Query Network model approach using BERT-based models. These models outperformed our model
because they model entities as structured objects with explicit boundaries and global interactions, whereas
our model classifies tokens independently.
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Figure 2. Evaluation of NER models
Table 5. NER models comparison.
Model Precision Recall F1-score
[14] 92.56% 91.36% 91.96%
[15] 91.92% 91.88% 91.96%
Our 86% 88% 87%

5. CONCLUSION

This study presented a deep learning approach for Arabic NER leveraging the AraELECTRA
language model and the BiLSTM neural network. We used the WojoodNER dataset, which is a fine-grained
dataset that provides detailed annotations across 21 entity types, which is crucial for developing a model that
can accurately distinguish between subtle categories, such as different types of Numbers (DATE, TIME,
CARDINAL, ORDINAL).

The combination of AraELECTRA and BIiLSTM for the NER task has proven its efficiency by
achieving an accuracy of 98.29% and an F1-score of 87% outperforming the BGRU and CNN-BIiLSTM
models. These promising results can help in developing robust natural language applications, such as
question-answering systems, text summarization, and machine translation.

However, span-based NER becomes very important due to the richness of Arabic text, where
multiple entities may be nested within the same textual span. Future work will explore more expressive
modeling paradigms for Arabic nested named entity recognition, such as span-based, query-based, and
diffusion-based approaches, to better capture overlapping and hierarchically nested entities. In addition,
leveraging larger Arabic pretrained language models and evaluating these methods across different domains
and language varieties remain important directions for further research.
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