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Abstract 

Background: Natural language processing of Arabic dialects has faced significant challenges due to the language's complex 
nature, while Modern Standard Arabic enjoys widespread support in this field. The rapid spread of social media has also 
shifted research focus towards Arabic dialects, thus creating a critical need to criticize this massive body of research.  
Objective: This study aims to provide a survey and application-oriented review of the Arabic Dialectal NLP landscape. The 
primary goal is to map the relationship between foundational tasks, while benchmarking the resources and methodologies 
that have defined the field.  Participants and Setting: The study analyzes a comprehensive dataset of 400 research articles 
published between 2020 and 2025.  Methods: A survey was conducted, utilizing a multi-taxonomic clustering approach. 
Research papers were categorized into eight functional clusters. Trends were analyzed by year, geographic focus, and 
algorithm type (Traditional Machine Learning vs. Deep Learning vs. Transformers and LLMs).  Results: The study analysis 
reveals that Sentiment Analysis category is the dominant application about 32% of the literature, followed by 21% for 
resource building group. Identification and Code-Switching is 10%. Research output peaked in 2022-2025, marking a 
definitive shift from traditional machine learning models to Transformer-based architectures like AraBERT and MARBERT. 
Regional coverage is broad, with a notable trend toward the identification and handling of code-switched text, which has 
emerged as the current state-of-the-art.  Conclusions: The survey demonstrates that dialect identification is no longer a 
standalone goal but a prerequisite for sentiment and translation systems. The field has progressed notably in many areas, 
such as SA, but future work must prioritize under-resourced dialects, reproducible benchmarks, and cross-dialect transfer 
learning, and bond these specific dialectal models with the zero-shot capabilities of generative LLMs. 
 
Keywords: Arabic Dialect, Taxonomy, Natural Language Processing (NLP), Dialect applications 
  

1. INTRODUCTION  

In the area of Artificial Intelligence (AI) computational linguistics (CL), the landscape has evolved through significant 
technological application, resulting in the development of high-performance systems. These innovations have enabled a 
wide array of specialized applications, such as speech translation (ST), speech recognition (SR), dialect identification (DI) 
and sentiment annotation (SA). Furthermore, the transition toward advanced architectures like Transformers and Large 
Language Models (LLMs) has redefined the efficiency of tasks such as author profiling and plagiarism detection, providing 
researchers and developers with robust tools to handle the nuances of modern digital challenges [1]. 
This systematic review seeks to monitor and analyze the research landscape on Arabic dialects between 2020 and 2025, a 
period that witnessed a peak in scholarly output with nearly 400 research papers. The study aims to map the relationship 
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between core tasks, resource development, and methodologies in this field. Despite the strategic importance of Arabic, 
spoken by over 400 million people and prevalent in more than twenty countries, the treatment of its dialects still suffers 
from a scarcity of standardized resources compared to Modern Standard Arabic[2, 3]. The objective of this work is to 
critique and analyze this vast body of research, classifying it within clear functional frameworks to overcome the problem 
of fragmented research efforts and provide a comprehensive reference that supports researchers in developing models 
capable of effectively and competently accommodating the diversity of the Arabic language. 
 
Since 2022, Arabic dialect NLP research has surged dramatically, with over 60% of the 400 screened papers published in 
the transformer and early LLM era. Earlier surveys [2, 4-6],  were task-specific or pre-dated AraBERT, MARBERT and LLMs, 
leaving fragmented taxonomies that ignore task interdependencies (e.g., dialect identification is now a prerequisite for 
sentiment and translation). Meanwhile, code-switching, Arabizi and city-level variation have exploded, while Sudanese, 
Yemeni and Iraqi dialects remain almost invisible. A unified taxonomy is therefore essential now to map these relationships, 
quantify the shift to LLMs, expose imbalances and guide cross-dialect transfer learning. 
 
Despite the valuable contributions of earlier surveys  [4-6], they remain limited in scope: most cover fewer than 150 papers, 
focus on a single task (e.g., sentiment or identification only), or stop before the transformer/LLM era. Consequently, the 
field still lacks a unified, application-oriented taxonomy that maps task interdependencies, quantifies methodological shifts 
across 2020-2025, and systematically reveals dialectal imbalances. The present work fills this gap by screening 400 studies, 
analyzing 101 high-quality papers, and introducing an eight-cluster taxonomy that explicitly links tasks, resources, models, 
and dialects. 
 
This survey addresses the following central research question: RQ: What are the key interrelationships between 
foundational tasks, resources, and methodologies in Arabic dialect NLP research from 2020–2025, and how do trends in 
model evolution and dialect coverage reveal gaps for future development? The unified taxonomy, trend analysis, and gap 
mapping presented in Sections 4-6 directly answer this question. 
 
Arabic is characterized as a bilingual language, divided into Modern Standard Arabic, the formal language, and colloquial 
dialects, which serve as the means of daily communication. This colloquial language is distributed across a wide 
geographical area, encompassing six main regions: the Levant, the Arabian Gulf, the Nile Basin, and North Africa, in addition 
to distinct categories such as the Iraqi and Yemeni dialects. This diversity is characterized by a linguistic gradation ranging 
from dialects very close to Classical Arabic to those structurally distant from it [2, 7]. Even within a single country, subtle 
variations exist, reaching the level of urban dialects. Understanding this geographical and linguistic division is fundamental 
to building any language processing system, as morphological rules and vocabulary differ from one region to another, 
necessitating precise classification to help construct specialized models for each language group. 

The emergence of Web 3.0 technologies and the proliferation of user-generated content on social media platforms have led 
to a massive influx of unstructured data. Within this massive flow, the opinions and information expressed by users in their 
posts acquire intrinsic value for strategic and social analysis. However, processing this content creates qualitative 
challenges that make knowledge extraction a highly complex task. This is due to the lack of standardized spelling rules  

for dialects and the widespread phenomenon of code-switching. This is clearly evident in the mixing of Arabic and English, 
or Modern Standard Arabic and colloquial Arabic, and even between different Arabic dialects within a single sentence [8]. 
This study sheds light on current research, providing Arab researchers with a comprehensive overview of emerging trends 
(2020-2025) in written and spoken content, with the aim of fostering innovation in data processing research and models 
specific to the Arabic context. 

1.1. Research Goals and Contributions 

1. A Unified, Multi-Dimensional Taxonomy for Arabic Dialect NLP. The survey introduces a comprehensive taxonomy 
that organizes AD-NLP research across tasks, dialect type, model types, and key contributions, providing a 
structured and integrated view of the field. 

2. A Systematic, Evidence-Based Mapping of 2020–2025 Research Trends. The analysis synthesizes 400 studies to 
reveal clear trends, including the shift from ML, and Transformers, to LLMs, evolving dataset resources, the rise of 
fine-grained dialect identification, and the growth of multimodal and code-switching research, supported by both 
quantitative and qualitative evidence. 
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3. Identification of Critical Gaps and Future Directions in Under-Resourced Dialects. The survey highlights major 
gaps such as scarce datasets for Maghrebi, Sudanese, and city-level dialects, limited reproducible benchmarks, weak 
cross-dialect transfer, and insufficient LLM adaptation; offering concrete recommendations for future AD-NLP 
development. 

The paper is structured as follows: Section 2 reviews related work. Then section 3 outlines the methodology. Section 4 
presents the proposed taxonomy and analysis of trends. Section 5 synthesizes the survey findings. Section 6 discusses the 
findings and limitations of the study, and Section 7 concludes with future directions. 

2. Related Works  

Over the past decade, Arabic dialect NLP (AD-NLP) has been surveyed through successive efforts that collectively chart the 
field’s maturation, spanning foundational taxonomies, application-focused reviews, and methodology-centered syntheses. 
This review organizes the historical trajectory along three complementary axes, applications, approaches, and domains: 
covering work from 2020 to 2025. 

2.1. Consolidation and Taxonomies Surveys 

An early effort, presented in [9],  established a four-part taxonomy comprising Basic Language Analyses (morphology, POS, 
syntax, orthography), Building Resources (lexicons, corpora, treebanks), Language Identification (text Identification and 
speech recognition), and Semantic-level Analysis (machine translation, sentiment).Their review also noted the early 
dominance of Egyptian Arabic in research coverage and evaluation. Later, [2] adopted and extended this taxonomy across 
90 papers; 74% published post-2015, confirming the centrality of sentiment analysis and machine translation within 
semantic-level work. 

2.2. Application-Focused Surveys  

Dialect Identification (DI) received sustained attention. [10] surveyed DI methods from traditional machine learning to deep 
learning, while [11] consolidated benchmarks and error profiles. [12] synthesized dialectal Sentiment Analysis (SA) by 
cataloging datasets, contrasting feature engineering and deep encoders, and highlighting evaluation gaps unique to dialectal 
phenomena. 
 [13] comprehensively reviewed Arabic text summarization, outlining extractive/abstractive techniques and adaptation 
challenges for morphologically rich and dialectal inputs. [14] offered a systematic review of Arabic Speech recognition ASR 
covering works in (2011–2021), discussing acoustic modeling, language models, dialectal coverage, and resource gaps in 
spontaneous speech. [3] enumerated freely available Arabic Corpora & Resources, lowering entry barriers while exposing 
gaps in dialect coverage and licensing critical for reproducibility. 
Work on Misinformation & Safety have been also considered, [15] synthesized methods and resources for detecting Arabic 
fake news and spam, highlighting complications introduced by dialectal code-mixing and domain transfer. [7] traced Arabic 
dialect Machine Translation (MT) from rule-based and statistical approaches to neural systems, underscoring data scarcity 
and orthographic variability as persistent hurdles. 
Regional specialization emerged through dialect-focused reviews such as Darija ASR [16] and Algerian sentiment analysis 
[17]. [18] systematized Opinion Mining for Arabic dialects on social media, a high-noise domain central to sentiment and 
stance tasks. [19] surveyed Authorship Identification in Arabic texts, analyzing how document length and register (standard 
vs. dialect) influence attribution performance.  [8] provided a comprehensive survey of code-switched Arabic NLP spanning 
language identification, sentiment analysis, POS tagging, and ASR, and emphasized challenges in data scarcity and 
evaluation consistency. 

2.3. Approach-Centered Surveys 

 [20] documented the early Deep Learning (DL) wave in Arabic NLP, capturing the transition away from feature-engineered 
pipelines to neural sequence modeling before transformers became dominant. [1] surveyed pretrained Transformers and 
LLMs across 34 papers, covering encoder-only (BERT, ELECTRA, RoBERTa), decoder-only (GPT), and encoder–decoder (T5) 
architectures applied to sentiment, NER, QA, and machine translation, with attention to openness and evaluation practices. 
 
Unlike earlier survey works that focused on specific dialects, tasks, dataset, or methodological aspects, our study provides 
a comprehensive, application-oriented taxonomy covering new functional task clusters. Furthermore, this survey is the first 
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to conduct a large-scale longitudinal analysis (2020 - 2025) over approximately 101 studies, capturing the paradigm shift 
from traditional machine learning to transformer-based architectures and emerging LLM-driven approaches.  
To this extent the fundamental differences between our survey and the related work reviews on Arabic Dialect NLP: 
1. Provides an up-to-date, comprehensive survey covering Arabic dialect NLP research from 2015 to 2025, synthesizing 

developments across application and methodologies. 
2. Proposes a refined taxonomy that integrates applications and methodological advances, addressing limitations in 

previous classification schemes. 
3. Offers a unified landscape that bridges application and approach-centered perspectives, enabling a more coherent 

understanding of how tasks, dialectal resources, and modeling trends interact. 
 

Table 1 presents a comparative analysis of 9 related reviews; this survey reviews major works in the field of Arabic Dialect 
NLP (ADNLP) published between 2020 and 2025. The comparison highlights that while previous works often focused on 
specific sub-domains (such as Sentiment Analysis or Dialect Identification), This study provides a more comprehensive, 
multi-dimensional taxonomy covering 101 screened papers from a peak period of 2020-2025. Key differentiators include 
the current study's unique focus on an eight-cluster functional framework (Groups A-H), a longitudinal tracking of the 
paradigm shift from traditional ML and DL to Transformer-based models, and a detailed research gap heatmap across 
different dialects and tasks. Unlike concurrent works that may exclude Modern Standard Arabic (MSA) or focus exclusively 
on code-switching, this survey synthesizes the entire dialectal landscape to bridge application-centered and approach-
centered perspectives. 

3. Methodology 

We conducted a systematic multi-stage review following PRISMA guidelines: structured keyword searches across SCOPUS, 
IEEE Xplore, ScienceDirect, Springer, ACM, and ProQuest using the exact queries listed in Table 2 retrieved candidate 
studies, which were then screened using a six-point inclusion and quality checklist covering training strategies, 
architectural novelty, dataset specification, methodological clarity, evaluation metrics, and benchmarking practices. Two 
annotators independently extracted dialect, task, method/model, and contribution information, resolving disagreements 
through discussion to ensure reliable annotation and taxonomy construction. This pipeline enabled a unified taxonomy and 
trend mapping over 400 studies published between 2020 and 2025. 

3.1. Scope and Search keywords 

Table 2 presents the structured set of search keywords used during the systematic retrieval of studies across major 
academic databases. It lists the exact query formulations executed in SCOPUS, IEEE Xplore, ScienceDirect, Springer, ACM 
Library, and ProQuest, ensuring comprehensive coverage of research related to Arabic dialects and dialectal Arabic. It 
demonstrates that all search strings rely on combinations of the terms “Arabic Dialect” and “Dialectal Arabic”, applied 
consistently across platforms to maximize recall  

Table 1: Comparison with Related Work 

Survey 
Reference 

Review 
Period 

Papers Coverage 
Scope 

Taxonomy/ 
Framework 

NLP 
Tasks 

Covered 

Model 
Evolution 

Key 
Differentiators 

Guellil et 
al. (2021) 

[2] 

2015-
2018 

90 MSA + 
Dialects + 
Arabizi (3 
varieties) 

By Arabic 
variety and 
script type 

Preprocessing, 
SA, DI, Corpora, 
Code-
switching 

Traditional 
ML + Early DL 
(CNN, RNN) 

Includes Arabizi 
(Roma Arabic); 
tripartite variety 
analysis 

Darwish & 
Habash 
(2021) 
[4] 

Historical 
to 2020 

200+ MSA + 
Dialects 
(broad 
Arab 
World) 

By research 
area (not 
application-
specific) 

Morphology, 
Syntax, NER, 
POS, SA, MT, 
QA, Parsing 

Traditional to 
Deep Learning 

Historical 
perspective. 

Elnagar et 
al. (2021) 

[11] 

2000-
2020 

106 Dialectal 
Arabic (ID 

By dialect 
identification 
approaches 

Dialect 
Identification 
only 

Traditional 
ML to DL 

Narrow focus on 
dialect 
identification; 
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& 
Detection) 

(country/city 
level) 

(CNN, RNN, 
LSTM) 

most/least 
popular dialects 
analysis 

Farha & 
Magdy 
(2021) 
[6] 

2015-
2020 

~60 MSA + 
Dialects 
(SA focus) 

By approach 
(lexicon, ML, 
DL, transfer 
learning) 

Sentiment 
Analysis only 

Feature 
engineering to 
DL to BERT 

Empirical 
replication, 
standardized 
evaluation; 
practices for SA 

Al Katat et 
al. (2024) 

[21] 

2019-
2024 

78 MSA + 
Dialects 
(SA focus) 

By embedding 
+ classification 
methods 

Sentiment 
Analysis only 

Deep Learning 
(LSTM, GRU, 
Transformers) 

Recent SA 
methods; 
embedding 
techniques, class 
imbalance 
solution 

Dahou et 
al. (2025) 

[22] 

2014-
2024 

N/A Dialectal 
Arabic 
only 

Task-based 
clusters + 
temporal 
trends 

SA, DI, MT, 
ASR, Corpora, 
Code-
switching. 

Traditional 
ML → DL → 
Transformer 
→ LLMs 

Concurrent work; 
long scope; code-
switch emphasis; 
similar goals to 
manuscript 

Al-Khalifa 
et al. 
(2024) 
[1] 

2018-
2024 

80+  MSA + 
Dialects 
(LLM 
focus) 

By LLM 
architecture 
(encoder, 
decoder, 
encoder-
decoder) 

SA, NER, QA, 
Generation, 
Summarization 

Pre-trained 
LLMs only 
(AraBERT, 
AraGPT, Jais, 
GPT4) 

Exclusive focus on 
Larg Language 
Models; 
benchmarks for 
Arabic LLM 

Hamed & 
Sabty 
(2025) 
[8] 

2015-
2024 

~70 Code-
switched 
Arabic (CS 
focus) 

By code-
switching task 
(DI, SA, NER, 
MT, ASR) 

Code-
switching 
detection, SA, 
NER, MT, ASR 

Traditional 
ML to 
Transformers 

Exclusive focus on 
code switching; 
Arabic-Englis 
Arabic-French 
mixing 

Alayba 
(2025) 
[5] 

2015-
2024 

150+ MSA + 
Dialects 
(broad 
NLP) 

By linguistic 
challenge + 
technique type 

Morphology, 
POS, NER, SA, 
MT, Parsing, 
Diacritization, 
QA 

Traditional to 
DL to 
Transformers 

Challenges-first 
approach 
emerging trends, 
broad NLP 
coverage 

Our 2026 

2020-
2025 
(peak 
period) 

400  
-> 
101 
 

Dialectal 
Arabic 
only 
(excludes 
MSA-only) 

8 functional 
clusters 
(Groups A-H) + 
methodological 
evolution 
+ dialectal gap 
analysis 

SA, Resource 
Building, DI, 
Code-
switching, MT, 
Preprocessing, 
ASR/TTS, Info 
Retrieval, 
Author 
Profiling, 

Three-phase 
evolution (ML 
→ DL → 
Transformers 
→ LLMs); 

Unified 
taxonomic + 
methodological + 
trend driven 
approach; larges 
screened dataset 
(400); quality 
assesses cross-
application 
synthesis 
research gap 
heatmap by 
dialect × task; 
challenge 
taxonomy with 
solutions 

 
and minimize bias in article selection. The use of unified keyword patterns across databases ensured methodological rigor 
and reproducibility in gathering candidate studies for inclusion in the survey. 
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TABLE 2. Search keywords 
SCOPUS (TITLE-ABS-KEY (dialectal AND Arabic) OR TITLE-ABS-KEY (Arabic AND dialect)) 
IEEE Xplore (“Arabic Dialect” OR “Dialectal Arabic”) 
ScienceDirect (‘Arabic Dialect’ OR ‘Dialectal Arabic’) 
Springers (“Arabic Dialect” OR “Dialectal Arabic”) 
ACM library [All: "dialectal Arabic"] OR [All: "Arabic dialect "] 
Google scholar “Arabic Dialect” AND “Dialectal Arabic”  

 

3.2. Inclusion and Exclusion Criteria 

In Table 3 we summarize the inclusion and exclusion criteria used to determine which studies were considered in the 
review. The inclusion criteria specify that eligible articles must be published between 2000 and 2025, written in English, 
focused specifically on Arabic dialects, and published in journals or conference proceedings. In contrast, the exclusion 
criteria identify studies that fall outside the publication range, are not written in English, lack focus on Arabic dialects (e.g., 
MSA-only studies), or duplicate previously collected work. Collectively, this table defines the boundaries of the dataset and 
ensures that only relevant, methodologically appropriate studies are included in the analysis. 
 

TABLE 3. Inclusion and Exclusion Criteria 

Inclusion Criteria. Exclusion Criteria. 

• The articles were published from 2000 to 2025. • Articles published not in English 
• The article focuses on Arabic Dialect • Articles without Arabic dialect 
• The articles are written in the English language. • Articles conducted by MSA 
• The research papers are from journals publications, or 

conferences. 
• The articles are not in the range of 2000 to 

2025.  
• duplicate articles. 

 

 
TABLE 4. Quality assessment criteria 

Criterion Question 
C1: Training Does it mention how it was trained? 
C2: Architecture Does it claim to change or create a model structure? 
C3: Dataset Does it name a specific dataset or corpus? 
C4: Method Does it name the specific model type? 
C5: Evaluation Does it list numerical results or metrics? 
C6: Benchmark Does it compare the model to existing baseline models? 
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TABLE 5: Shows the NLP Research on Arabic Dialects 2020 - 2025 

Study Dialects type Key Contribution Application / Task coverage  
 

G
u
lf

 

L
ev
an

ti
n
e 

E
gy
p
ti
an

 

M
ag
h
re
b
i 

Su
d
an

es
e 

Ir
aq

i 

T
ra
in
in
g 

st
ra
te
gi
es

 

F
ra
m
ew

o
rk

 

D
at
as
et

 

M
et
h
o
d
/M

o
d
el

 

E
va
lu
at
io
n
/M

et
r

ic
 

B
en

ch
m
ar
k

 

G
ro
u
p
 A

 

G
ro
u
p
 B

 

G
ro
u
p
 C

 

G
ro
u
p
 D

 

G
ro
u
p
 E

 

G
ro
u
p
 F

 

G
ro
u
p
 G

 

G
ro
u
p
 H

 

[23]     ✓       ✓    ✓         

[24]    ✓       ✓   ✓        

[25]    ✓       ✓    ✓        

[26]     ✓       ✓    ✓        

[27]    ✓       ✓          ✓  

[28]    ✓   ✓          ✓    

[29]    ✓     ✓      ✓      

[30] ✓          ✓            

[31] ✓          ✓   ✓        

[32]    ✓       ✓       ✓    

[33] ✓        ✓      ✓      

[34] ✓       ✓             

[35]  ✓         ✓       ✓    

[36]   ✓      ✓      ✓      

[37]    ✓       ✓   ✓        

[38]    ✓       ✓        ✓    

[39]      ✓   ✓      ✓      

[40]   ✓        ✓   ✓        

[24] ✓          ✓           

[41]  ✓  ✓       ✓    ✓        

[42]    ✓       ✓   ✓        

[43]    ✓     ✓      ✓      

[44] ✓      ✓      ✓        

[45] ✓ ✓ ✓ ✓     ✓       ✓     

[46] ✓      ✓      ✓        

[47]    ✓   ✓            ✓  

[48] ✓          ✓     ✓      

[49]    ✓       ✓    ✓       

[50]  ✓      ✓           ✓  

[51]  ✓         ✓      ✓     

[52]    ✓     ✓      ✓      

[53]    ✓       ✓     ✓      

[53]    ✓       ✓         ✓  

[54]    ✓       ✓    ✓       

[55]    ✓       ✓        ✓    

[56]    ✓       ✓    ✓       

[57]    ✓       ✓    ✓       

[58]    ✓       ✓   ✓        

[59]    ✓       ✓   ✓        

[60] ✓          ✓    ✓        
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[61]    ✓       ✓   ✓        

[62]    ✓       ✓   ✓        

[63]    ✓     ✓       ✓      

[64]    ✓       ✓         ✓  

[65]     ✓      ✓   ✓        

[66]   ✓    ✓             ✓ 
[67]   ✓        ✓   ✓        

[68] ✓  ✓        ✓  ✓        

[69] ✓        ✓      ✓      

[70] ✓          ✓   ✓        

[71]  ✓ ✓ ✓       ✓      ✓     

[72]  ✓         ✓         ✓  

[73] ✓          ✓        ✓   

[74]   ✓      ✓       ✓     

[75]    ✓       ✓    ✓       

[76]    ✓       ✓      ✓     

[77]    ✓     ✓    ✓        

[78]    ✓     ✓           ✓ 
[79]    ✓     ✓    ✓        

[46]    ✓      ✓      ✓     

[80]    ✓       ✓          ✓ 
[81] ✓ ✓ ✓       ✓      ✓      

[82] ✓         ✓   ✓         

[83]      ✓     ✓  ✓        

[84]    ✓      ✓      ✓     

[85]    ✓    ✓          ✓    

[86]    ✓   ✓             ✓ 
[87] ✓ ✓ ✓       ✓      ✓     

[88]   ✓       ✓   ✓        

[89]    ✓      ✓   ✓        

[90]    ✓      ✓       ✓    

[91]    ✓       ✓   ✓        

[92] ✓ ✓       ✓       ✓      

[93]    ✓      ✓        ✓   

[94] ✓   ✓     ✓      ✓      

[95] ✓        ✓    ✓        

[96] ✓ ✓        ✓   ✓        

[97]    ✓     ✓    ✓        

[98] ✓         ✓   ✓        

[99] ✓      ✓      ✓        

[100]    ✓       ✓       ✓    

[101]    ✓     ✓      ✓      

[102]    ✓       ✓    ✓       

[103]    ✓       ✓    ✓       

[104]      ✓     ✓        ✓   

[105] ✓          ✓   ✓        

[106]    ✓ ✓       ✓       ✓    

[107] ✓ ✓ ✓ ✓   ✓  ✓      ✓       
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[108]     ✓       ✓    ✓       

[109] ✓ ✓ ✓ ✓     ✓      ✓      

[110] ✓ ✓ ✓        ✓      ✓     

[111]     ✓      ✓    ✓       

[112] ✓ ✓ ✓ ✓ ✓ ✓     ✓           

[113] ✓ ✓ ✓        ✓     ✓     

[114] ✓ ✓ ✓     ✓         ✓    

[115]    ✓       ✓     ✓     

[116] ✓ ✓ ✓        ✓      ✓    

[117] ✓ ✓ ✓ ✓  ✓   ✓       ✓     

[118] ✓ ✓ ✓ ✓  ✓   ✓      ✓      

[119] ✓        ✓    ✓        

[120]    ✓     ✓      ✓      

Group A: Sentiment Analysis & Opinion Mining Group B: Text Preprocessing & Morphological & Syntatic analysis 
Group C: Building Resources and Corpora Group D: Identification, Classification and Code-Switching 
Group E: Machine Translation Group F: Author profiling 
Group G: Speech Processing & Synthesis Group H: Information Retrieval & Extraction 

 

3.3. Quality Assessment Criteria 

The selection of papers for inclusion in this study was guided by a systematic six-point criterion designed to identify 
methodologically robust and comparable research contributions; Table 4 reports these criteria. Each paper was evaluated 
based on whether it explicitly addressed the following dimensions: (1) specific training strategies such as transfer learning, 
fine-tuning, or data augmentation; (2) novel or significantly modified neural architectures; (3) use of known or introduction 
of new datasets; (4) clear description of employed methods or models; (5) reporting of standard evaluation metrics; and 
(6) comparative benchmarking against existing work. Papers meeting at least four of these six criteria were included, 
ensuring a balanced representation of technical rigor, reproducibility, and contextual relevance within the Arabic dialect 
NLP landscape while maintaining practical screening efficiency. 
 

3.4. Validity and Reliability 

Two independent annotators (the authors) extracted dialect, task, method, and contribution information for all 101 papers. 
Inter-annotator agreement reached 92%, Disagreements were resolved through discussion until full consensus. 
Replicability of the eight-cluster taxonomy is ensured by (1) explicit definitions and examples for every cluster in Section 4 
and Table 5, (2) the documented three-round iterative clustering process, and (3) public availability of the complete 
annotated dataset and classification guidelines from the corresponding author upon reasonable request. 

Based on the above-mentioned criteria, the screening process involved three stages depicted in Figure 1. At first, papers’ 
title and abstract are reviewed to assess relevance (approximately 400 results identified); then full-text evaluation for 
methodological fit and contribution to Arabic Dialect is performed; and final selection by the annotators. This step allowed 
the assessors to understand the findings of previous research and thus identify the gap in literature. This process resulted 
in 101 studies, which we used as the foundation for our survey, categories, and gap analysis in the sections that follow. Table 
5. Summarize the reviewed literatures. 
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Figure 1. The paper screening workflow 

 

4. ARABIC DIAECT APPLICATIONS TAXONOMY  

Table 5 provides a comprehensive, structured synthesis of the findings derived from the systematic analysis of the surveyed 
studies. Its summary of Arabic Dialect NLP research published between 2020 and 2025, organizing over one hundred 
studies according to dialect type, key contribution, application/task group, modeling approach, and methodological criteria. 
It captures the distribution of studies across major Arabic dialects—including Gulf, Levantine, Egyptian, Maghrebi, 
Sudanese, and Iraqi—and aligns each publication with its primary contribution and task category, mapped to the taxonomy 
groups (A-H) defined in the survey. The table also records methodological dimensions used in the quality assessment—
training strategies, frameworks, datasets, model types, evaluation metrics, and benchmarking practices—allowing for 
cross-comparison of techniques and trends over time. Additionally, the table distinguishes between modeling paradigms—
Machine Learning (M), Deep Learning (D), Transformer-based methods (T), and emerging LLM approaches (L)—providing 
a longitudinal view of the shift from traditional ML to Transformers and LLMs within each application cluster. Through this 
multi-dimensional structure, It functions as the empirical backbone of the survey, supporting the creation of the unified 
taxonomy and enabling the analysis of dialect coverage, task prevalence, and methodological evolution across the studied 
period. These clusters map relationships between foundational tasks and reflect trends such as the shift from traditional 
Machine Learning (ML) to Deep learning (DL) to transformers then to large language model (LLM). Cluster distribution is 
visualized in Figure 2. 

Each group is presented using a consistent four-part pattern: Definition and Role, Empirical Coverage, Key Contributions 
and Methodological Patterns, and Gaps and Limitations. This uniform structure enables clear comparison across tasks and 
directly supports the research question on interdependencies and trends. 

 

 
Figure 2. Taxonomy of Applications 
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4.1. Sentiment Analysis/Opinion Mining (Group A). 

Sentiment Analysis (SA) also called Opinion Mining (OM) uses NLP and machine learning to identify subjective information 
in dialectal text/speech, focusing on polarity, sentiments, emotions, attitudes toward entities at document, sentence, aspect 
levels. Primarily application-facing for social media monitoring and opinion tracking in ADNLP. It often serves as a 
downstream application reliant on preprocessing (Group B) and dialect identification (Group D) to handle morphological 
richness and regional slang.  Sentiment Analysis (Group A) is the largest cluster, comprising 32% of the studies analyzed 
conducted between 2020 and 2025, with a peak in 2022-2023; this cluster shows Maghrebi, Egyptian, and Gulf dominance, 
while Levantine representation was widespread, and Iraqi and Sudanese studies were underexplored. SA research in AD is 
commonly formulated under several sub-tasks. The most prevalent are SA (behavior analysis), sentiment classification, 
emotion recognition, OM, aspect SA, sentiment annotation, behavior analysis, opinion question answering, opinion 
recognition, opinion target recognition, symptom identification, hate speech detection, sarcasm detection, spam detection, 
cyberbullying detection, misogyny identification, irony detection and infoveillance sentiments. Early works (2020–2021) 
relied on traditional ML (SVM/RF with TF-IDF), shifting to DL (CNN/BiLSTM) mid-period, and Transformers/LLMs 
(AraBERT/MARBERT fine-tuning) by 2023–2025. Key challenges include handling code-switching and sarcasm, which 
reduce accuracy in low-resource dialects. Limitations involve overfitting to social media noise and poor cross-dialect 
transfer. Ethical concerns arise in bias amplification for underrepresented regions. 
These patterns confirm that dialect identification (Group D) has become a prerequisite for reliable sentiment systems, 
directly supporting the interdependency dimension of RQ. 

4.2. Text Preprocessing/Morphological/Syntactic Analysis (Group B). 

Preprocessing, morphological and syntactic analysis encompass core natural language processing techniques for addressing 
the complexities of Arabic dialects, including spelling variations, plural morphology, and the lack of standardized forms. 
These cleaning and normalization steps prepare text or speech data for higher-level use. This group acts as a preprocessing 
backbone for higher-level tasks, addressing dialectal non-standard orthography and clitic variations to enable accurate 
downstream processing in sentiment (Group A), translation (Group E), and extraction (Group H).   Group B accounts for 
approximately 10% of the literature. While Maghrebi dialects currently dominate this section, we are witnessing a 
significant increase in the use of Levantine and Gulf dialects after 2024. However, there is a scarcity of research focusing on 
Sudanese and Iraqi dialects. Output grew in 2023, often tied to social media text, with emphasis on handling dialect-specific 
features. Studies in Group B focus on sub-tasks such as morphological analyzers, POS tagging, dialect segmentation, Arabic 
taggers, stemming, Named Entity Recognition (NER), automatic diacritization, morphological disambiguation, 
crowdsourcing, and transcriptions. The majority of this group task is contributed to methodology and model approaches.  
Egyptian, Levantine, Sudanese and Iraqi under-coverage, code-switching, and emoji handling. Limitations: dialect 
fragmentation, poor syntactic parsing, and absence of standardization; challenges: zero-shot transfer and unified 
benchmarks. 

4.3. Building Resources/Corpora (Group C). 

Building Resources and Corpora (Group C) focuses on creating, expanding, and annotating linguistic resources essential for 
training and evaluating ADNLP models. This includes corpora construction (text/speech datasets), lexicons (dialect-specific 
vocabularies/sentiment lexicons), crowdsourced annotations, domain-specific ontologies, and transcription efforts. These 
resources address data scarcity in dialects, enabling tasks like training models for sentiment analysis (Group A), translation 
(Group E), and speech processing (Group G). Group C comprises approximately 16% of all studies. While progress has been 
steady over the past five years, this culminated in a surge of efforts after 2022. Maghrebi, Levantine, and Gulf dialects were 
very common, reflecting the findings of previous research. Notably, Egyptian dialects gained prominence after 2023, 
especially with the availability of social media data and code-switching. Sudanese and Iraqi dialects, however, suffered from 
a lack of resources in this area. From Table 5, the studies prior to 2024 stick with ML and DL multi-dialect, with notable 
effort on LLMs after 2024. For Group C studies focused on the subtasks include: Corpus/Dataset Creation or merging, lexicon 
creation, crowdsourcing corpus annotation, annotation of dataset/corpus, building domain ontologies, and crowdsourcing 
transcriptions. Contributions emphasize scalable annotation (crowdsourcing for low-resource dialects) and merging 
existing corpora. Models shift from ML-based annotation tools to DL for semi-automatic labeling, and then after 2023 the 
Transformers and LLMs for zero-shot annotation and data augmentation. Many studies introduce publicly available datasets 
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to improve reproducibility. Primary gaps include scarce high-quality datasets for Maghrebi sub-variants, Sudanese, Iraqi, 
and fine-grained city-level dialects; limited parallel/multimodal resources; and annotation inconsistencies due to dialectal 
spelling/orthographic variation. Limitations involve poor cross-dialect compatibility, lack of standardized 
licensing/formats, and insufficient focus on speech/transcription for under-resourced areas. Challenges include scaling 
crowdsourcing reliably and bridging to LLM pre-training needs. 
These patterns confirm that resource building and corpus creation (Group C) act as the foundational enablers for every 
other application cluster, especially in under-resourced dialects, directly supporting the interdependency dimension of RQ. 

4.4. Identification, Classification and Code-Switching (Group D). 

Identification, Classification, and Code-Switching (Group D) represent the diagnostic and categorizing layer of the ADNLP 
pipeline. This group focuses on determining the linguistic, social, or structural identity of a given text or speech segment. 
This includes Dialect Identification (DID), distinguishing between regional varieties (e.g., Maghrebi vs. Levantine). and 
Language Variety Classification (Formal vs. Informal). A critical component is code-switching detection, which addresses 
the computational challenge of identifying shifts between MSA and dialects or foreign languages. Additionally, it 
encompasses author profiling (gender, age, and authorship identification). These tasks serve as a vital "routing" mechanism; 
by identifying the specific dialect or speaker profile first, systems can select the most appropriate downstream models for 
translation or sentiment analysis. Group D accounts for approximately 10% of the literature analyzed. Research in this 
cluster has remained a cornerstone of the field. While general dialect identification (country-level) was the primary focus 
early on, there has been a significant shift toward city-level identification and nuanced code-switching analysis in recent 
years. Geographically, the research is heavily concentrated on the Maghrebi, with more Gulf, Levantine and Egyptian work 
after 2023. Conversely, nuanced identification for Yemeni and Sudanese dialects remains underrepresented in this group. 
Group D studies focused on the following: Sub-tasks: Dialect identification, code-switching detection Dialect Classification, 
gender identification, Language variety classification, Geographic identification, comparative analysis, text preprocessing, 
dialect Empirical Analysis and analytical studies. Post-2023, the trend has shifted toward DL, Transformer and LLMs, which 
are utilized for zero-shot dialect identification. Major gaps include the lack of robust models for fine-grained city-level 
identification and multi-dialectal code-switching limitations. There is also a notable scarcity of speech-based dialect 
identification. Challenges remain in distinguishing between highly similar dialects and maintaining high accuracy in short, 
noisy social media posts where linguistic cues are minimal and Cross-References. 
These patterns confirm that dialect identification and code-switching detection (Group D) have evolved into critical 
prerequisites and routing mechanisms for reliable sentiment, translation, and extraction systems, directly supporting the 
interdependency dimension of RQ. 

4.5. Machine Translation (Group E). 

Machine Translation (Group E) focuses on the automated transformation of text or speech between language varieties. In 
the ADNLP context, this encompasses dialect-to-MSA translation (normalization), dialect-to-English, and inter-dialectal 
translation (Maghrebi to Gulf). It includes sub-tasks like dialect transliteration and speech-to-speech translation. Group E 
acts as a bridge for accessibility, enabling non-speakers to understand dialectal content and allowing MSA-based tools to 
process regional data via standard forms. Group E represents approximately 10% of the total literature. While lower in 
volume than sentiment analysis, it is a highly specialized area. Research initially focused on machine translation, dialect 
translation, speech-to-speech translation, speech translation, dialect transliteration, Transfer learning and spelling error 
correction. The major work focuses on Maghrebi dialects. Recently, there has been a pivot toward multi-dialectal systems 
and "noisy" social media translation, with a peak in output during 2023-2025. Methods have evolved from Statistical 
Machine Translation (SMT) to Neural Machine Translation (NMT). Current trends emphasize Transformer-based models 
(mBART, MT5) and LLM fine-tuning for few-shot translation. Researchers increasingly utilize synthetic data generation and 
back-translation to mitigate the scarcity of parallel dialectal data. A major gap is the data scarcity for parallel corpora, lack 
of standardized orthographies, and dialectal variations in morphology, lexicon, syntax, and code-switching, which hinder 
model training and generalization across regions like Levantine, Gulf, and Egyptian. Challenges are highlighted in 
inconsistent evaluation metrics, poor handling of low-resource dialects by LLMs, and challenges like informal orthography 
and semantic ambiguity reducing translation accuracy. 

These patterns confirm that machine translation systems (Group E) heavily depend on accurate dialect identification and 
rich parallel resources to achieve cross-dialect fidelity, directly supporting the interdependency dimension of RQ. 

4.6. Author profiling (Group F) 
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Author Profiling (Group F) focuses on extracting metadata and latent characteristics about an individual based on their 
linguistic footprint. This cluster includes tasks such as Authorship Identification (identifying a specific writer), Gender and 
Age Detection, and Authorship Authentication (verifying if a text belongs to a claimed author). In the context of Arabic 
dialects, this is particularly complex due to the lack of standardized orthography and the high use of Arabizi. In Arabic 
dialects, this group supports forensic analysis, personalized content delivery, and social trend detection, often leveraging 
dialect-specific markers like slang or code-switching. It integrates with sentiment (Group A) for nuanced opinion mining 
and identification (Group D) to disambiguate regional styles. Group F accounts for approximately 4% of the total literature. 
While it is one of the smaller clusters in terms of volume, its significance has grown alongside the rise of social media-based 
research. The data suggests that authorship identification is the most frequent task within this group, followed by gender 
identification. Research coverage is mostly concentrated on high-resource dialects like Maghrebi and Gulf, where large 
volumes of user-generated content are available, while Sudanese and Yemeni dialects remain unexplored. Sub-tasks in 
Group F include authorship identification, authorship authentication, influential identification, user identification, and 
finally, predicting credibility. Methodologically, the cluster relies heavily on stylometric analysis, utilizing features like 
character n-grams. Early models utilized ML approaches, but recent studies have shifted toward DL and transformer-based 
embeddings to capture subtle stylistic nuances. A notable trend is the use of multimodal profiling, combining textual 
dialectal cues with metadata or speech signals to increase accuracy. Author profiling in Arabic dialects faces key challenges 
like the scarcity of annotated datasets for each dialect variety, non-standard orthography, and dialectal variations 
complicating trait inference (e.g., age, gender). Limitations involve privacy and ethical concerns surrounding automated 
profiling without user consent. Technical challenges include the "short-text" problem on social media, where limited 
linguistic evidence makes it difficult to distinguish between individual styles or demographic traits. Furthermore, the high 
prevalence of code-switching and sarcasm in dialectal Arabic often confounds stylometric models, leading to decreased 
performance compared to MSA. 
These patterns confirm that author profiling (Group F) integrates closely with sentiment analysis and dialect identification 
to produce nuanced user insights, directly supporting the interdependency dimension of RQ. 

 

4.7. Speech Processing & Synthesis (Group G) 

Speech Processing & Synthesis (Group G) focuses on the computational analysis and generation of spoken dialectal Arabic. 
This cluster includes Automatic Speech Recognition. Which converts dialectal STT and TTS. generating natural-sounding 
dialectal voices. It also covers Speech Emotion Recognition, Voice Activity Detection (VAD), and Speech Dialect 
Identification. Essentially, Group G is all about making technology more accessible and hands-free. Since dialects are mostly 
spoken rather than written, this group builds the bridge between our natural voice and digital systems. Group G accounts 
for approximately 8% of the literature. Research in this area has seen a significant surge as mobile technology and voice-
activated AI become ubiquitous. While speech recognition is the dominant task, speech dialect identification has grown 
rapidly to handle the acoustic variations between regions. Geographically, Gulf and Levantine dialects are well-represented 
in speech corpora, whereas Maghrebi dialects face challenges due to higher phonetic complexity and code-switching with 
European languages. Sub-tasks include speech processing & synthesis, speech recognition, speech dialect identification, 
isolated word recognition, morphophonological processing, speech classification, speech emotion recognition, speech-to-
text (STT), text-to-speech (TTS), text-to-speech synthesizer and Chatbots and virtual assistants. Methodologically, the 
cluster mainly used DL approaches. The current state-of-the-art involves self-supervised learning and fine-tuning large pre-
trained models like Whisper to handle the lack of large-scale labeled dialectal audio. A major gap is the limited number of 
multi-speaker datasets for low-resource dialects like Sudanese. Limitations include high sensitivity to background noise. 
where models trained on one region fail on sub-dialects. Significant challenges remain in achieving human-like prosody in 
synthesis and the real-time processing of code-switching. 
These patterns confirm that speech processing and synthesis (Group G) rely on strong resources, identification, and 
preprocessing to handle dialectal acoustic and linguistic variation effectively, directly supporting the interdependency 
dimension of RQ. 
 

4.8. Information Retrieval & Extraction (Group H) 

Information Retrieval & Extraction (Group H) aims to locate, extract, and structure relevant information from large volumes 
of unstructured dialectal text. Key tasks include Named Entity Recognition (NER)—identifying names, locations, and 
organizations—as well as Question Answering (QA) and Event Detection. The role of Group H is to transform "noisy" 
dialectal data into actionable knowledge. It enables systems to answer user queries in their native dialect and allows 
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researchers to track events and trends across social media platforms where formal Arabic (MSA) is rarely used. Group H 
represents nearly 6%. While it is one of the smaller clusters in terms of total volume, it is a high-impact area for industrial 
applications. Named Entity Recognition (NER) is the primary focus within this group. The coverage shows a trend in 2023 
toward domain-specific extraction (healthcare or news), particularly focusing on the Levantine and Maghrebi dialects due 
to the higher volume of available social media data. Sub-tasks in Group H include information retrieval & extraction, text 
summarization, event detection, question identification, question answering, text detection, Content Detection and 
information retrieval. Methodologies have shifted from ML and DL to transformer-based sequence labeling. Recent 
contributions leverage BERT-based models (AraBERT, CamelBERT) and LLMs for entity extraction, demonstrating that 
contextual embeddings are superior at handling the morphological ambiguity and orthographic variations inherent in 
dialectal writing. The primary gap is the lack of standardized gold standard benchmarks for dialectal NER and QA compared 
to MSA. Limitations involve the "Out-of-Vocabulary" (OOV) problem, where dialectal slang and unique regional entities are 
missed by models trained on news-heavy datasets. Challenges include accurately extracting relationships between entities 
in short, informal posts that lack standard punctuation and syntactic structure. 

These patterns confirm that information retrieval and extraction (Group H) deliver superior results only when supported 
by solid preprocessing, identification, and domain-specific resources, directly supporting the interdependency dimension 
of RQ. 

5. CROSS-APPLICATION SYNTHESIS OF FINDINGS 

Of the 101 high-quality papers analyzed, Sentiment Analysis (Group A) constitutes 32%, Resource Building (Group C) 21%, 
Identification & Code-Switching (Group D) 10 %, Machine Translation (Group E) 10 %, Preprocessing (Group B) 10 %, 
Speech Processing (Group G) 8 %, Information Retrieval (Group H) 6 %, and Author Profiling (Group F) 3 %. Maghrebi 
dialects dominate (≈40 % of studies), followed by Gulf and Levantine, while Iraqi, Sudanese, and Yemeni dialects remain 
severely under-represented.). 

This section synthesizes cross-application findings to directly answer the research question by highlighting the 
methodological evolution from ML to Transformers and LLMs, exposing major dialectal imbalances, tracing temporal 
growth and research maturity from 2020–2025, and emphasizing how interdependent task advancements collectively 
guide the development of more inclusive, reproducible, and culturally aware Arabic dialect NLP systems. 

  
Figure 3. Dialect Research Intensity Radar Chart 

Figure 3 illustrates the research intensity of the five dialect groups across the eight functional clusters. Maghrebi dialects 
clearly dominate most tasks (especially Sentiment Analysis, Identification, and Machine Translation), while Gulf and 
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Levantine dialects show moderate to strong coverage in Speech Processing and Resource Building. In contrast, the 
combined Iraqi/Sudanese/Yemeni group remains critically under-represented across all clusters. This visualization 
directly supports the research question by quantifying task-dialect interdependencies and highlighting the urgent need for 
more balanced resource allocation in Arabic dialect NLP. 

5.1. Methodological Evolution Across Application. 

Empirical scrutiny across the delineated application clusters reveals a discernible progression in methodological paradigms, 
transitioning from conventional machine learning frameworks, such as support vector machines and random forests 
prevalent in early inquiries (2020-2021) [23, 25, 29, 36] , to deep learning architectures like convolutional and recurrent 
neural networks [41, 48, 52], and culminating in transformer-based models (e.g., AraBERT, MARBERT) by 2023–2025 [58, 
70, 77, 87, 92, 96]. This evolution is evidenced in sentiment analysis (Group A) and speech processing (Group G), where 
hybrid ensembles yield precision enhancements of 10–20% [58, 67, 77, 106], while resource-constrained tasks like machine 
translation (Group E) leverage transfer learning to mitigate data paucity [50, 66, 74]. As tabulated in Table 5, this shift 
underscores a maturation toward scalable, context-aware systems, albeit with persistent computational exigencies in low-
resource dialects [87, 107, 114]. Table 6 reports this methodology shift over the study period. And Figure 4 represents the 
evolution of modeling approaches. 

Methodological evolution from traditional ML to Transformers and LLMs is not merely technical but reflects a fundamental 
improvement in capturing dialectal nuances such as morphological richness and code-switching. Recent studies confirm 
that Transformer-based models achieve 15–25% higher performance in multi-dialect settings compared to earlier 
approaches  [1, 22]. However, this progress remains constrained by heavy dependence on high-resource dialects, limiting 
generalizability. 

TABLE 6.  Summary of the methodological evolution across applications over 2020-2025 

Year Dominance Methodology  
2020-2021 Dominance of Traditional Machine Learning and early Deep Learning (CNNs/LSTMs). 
2022-2024 A massive surge in Transformer-based architectures, specifically AraBERT and MARBERT. 
2025- beyond Emerging dominance of Large Language Models (LLMs) and zero-shot capabilities. 

 

 

FIGURE 4. Evolution of Modeling Approaches in Arabic Dialect NLP (2020–2025) 

5.2.  Dialectal Coverage and Structural Imbalance. 

The taxonomic aggregation elucidates pronounced structural imbalances in dialectal representation, with Maghrebi 
variants dominating empirical coverage (approximately 40% across clusters, per Table 5), particularly in sentiment analysis 
(Group A) and resource building (Group C) [25, 36, 41, 43, 45, 71, 87], whereas Gulf and Levantine dialects exhibit moderate 
penetration in speech synthesis (Group G) and identification (Group D) [27, 33, 63, 77]. In contrast, Iraqi, Sudanese, and 
Yemeni dialects manifest negligible inclusion (0–2% per cluster) [24, 34, 47], engendering systematic biases that impede 
generalizability. This disparity, rooted in resource availability and geographic research focal point [25, 43, 71], amplifies 
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morphological and syntactic heterogeneities, necessitating augmented corpora to redress inequities and foster inclusive 
computational linguistics paradigms [87, 107, 112]. Figure 5 illustrates the Dialects Coverage with respect to the application 
clusters. 

 
FIGURE 5: Dialects Coverage with respect to the application clusters 

 
 
 

5.3. Temporal Trends and Research Maturity. 

Chronological analysis delineates a surge in scholarly output from 2020-2022, characterized by foundational explorations 
in preprocessing (Group B) and corpora development (Group C) [23, 25, 43, 48, 52], escalating to a zenith in 2023–2025 
with over 60% of entries emphasizing advanced applications like author profiling (Group F) and information extraction 
(Group H) [83, 88, 104, 119]. This trajectory reflects increasing research maturity, as initial rule-based methodologies yield 
to zero-shot large language models [92, 96, 107, 114, 118], enhancing efficacy in multi-dialectal contexts (e.g., 15–25% 
accuracy gains in Group A) [77, 87, 96]. Table 5 corroborates this maturation, highlighting a pivot toward interdisciplinary 
integrations [106, 112, 117], though sustained efforts are requisite to surmount persistent gaps in understudied temporal 
domains [24, 34, 47]. 

5.4. Implications of the Cross-Application Perspective. 

The integrative lens afforded by cross-application synthesis illuminates synergistic interdependencies, wherein 
advancements in dialect identification (Group D) underpin translational fidelity (Group E) and sentiment granularity 
(Group A) [29, 63, 66, 77] , potentially yielding unified frameworks for code-switched environments [27, 77, 92]. This 
perspective reveals emergent implications for equitable NLP deployment, such as mitigating biases through dialect-agnostic 
resources (Group C) [45, 71, 87] and ethical profiling safeguards (Group F) [83, 104], while fostering cross-task transfer 
learning to elevate performance metrics (e.g., F1 scores exceeding 85% in hybrid models) [77, 87, 96]. Ultimately, as 
synthesized in Table 5, this holistic vantage propels future inquiries toward reproducible, culturally attuned systems [107, 
112, 118], bridging extant disparities in Arabic dialectal processing. 

From a broader perspective, these findings underscore the urgency of low-resource language modelling strategies, cross-
dialect transfer learning, and ethical considerations regarding representational bias in Arabic NLP. Future systems must 
move beyond high-resource dialects to ensure equitable language technologies for the entire Arabic-speaking world. 

From these findings, two key implications emerge for future research. First, developing hybrid frameworks that combine 
dialect-specific fine-tuning with LLM zero-shot capabilities will be essential to address data scarcity. Second, prioritizing 
cross-dialect transfer learning and shared benchmarks is critical to reduce the current imbalance between well-resourced 
(Maghrebi, Egyptian) and under-resourced dialects (Sudanese, Yemeni, Iraqi). These directions will help create more 
equitable and robust Arabic dialect NLP systems. 
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6. Challenges And Future Directions 

 

6.1. Challenges and limitations 

 
Drawing on the gap analysis and challenge taxonomy illustrated in Table 7 and Table 8, the current landscape of Arabic 
dialect NLP exhibits pronounced dialectal imbalance and task-level asymmetries: Egyptian, Gulf, Levantine, and Maghrebi 
varieties receive sustained attention across sentiment analysis, resource building, identification, MT, speech, NER/IE, and 
author profiling, whereas Iraqi, Sudanese, and Yemeni dialects remain markedly under-researched; limiting generalizability 
and equitable progress across the field. These disparities are compounded by structural constraints; data scarcity (notably 
the lack of parallel corpora, few speech datasets, and minimal city-level resources) that depress performance in MT, ASR, 
and dialect identification; pervasive linguistic variation (orthographic inconsistency, code-switching, and morphological 
complexity) that challenges modeling across all tasks; evaluation shortcomings (absence of standardized benchmarks, 
inconsistent metrics, and weak reproducibility) that hinder fair comparison; and model-adaptation limitations (LLM 
zero-shot brittleness, domain shift, and high computational cost) that restrict scalable deployment and cross-domain 
robustness. 
 

TABLE 7. Research Gap Analysis by Dialect and Task 

Task Egyptian Gulf Levantine Maghrebi Iraqi Sudanese Yemeni 
Sentiment Analysis ✓✓ ✓✓ ✓ ✓✓ ✗ ✗ ✗ 
Resource Building ✓ ✓✓ ✓✓ ✓✓ ✗ ✗ ✗ 
Identification ✓✓ ✓✓ ✓✓ ✓✓ ✓ ✗ ✗ 
Machine Translation ✓ ✓ ✓ ✓✓ ✗ ✗ ✗ 
Speech Processing ✓ ✓✓ ✓✓ ✓ ✗ ✗ ✗ 
NER/Information Extraction ✓ ✓ ✓ ✓ ✗ ✗ ✗ 
Author Profiling ✓ ✓ ✗ ✓ ✗ ✗ ✗ 

Key: ✓✓ = Well-researched, ✓ = Some research, ✗ = Under-researched 

 

Figure 6. Research Gap Analysis by Dialect and Task 
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Figure 6 visualizes the coverage gaps identified in Table 7 on a comparative scale (3=well-researched, 2=some, 1=under). 
Egyptian, Gulf, Levantine, and Maghrebi dialects receive consistent attention in high-impact tasks such as Sentiment 
Analysis, Resource Building, and Identification, whereas Iraqi, Sudanese, and Yemeni dialects score the lowest across nearly 
all categories. These radar patterns confirm the structural imbalances discussed in recent surveys [2, 22]  and underscore 
that future work must prioritise low-resource dialects and cross-dialect transfer learning to achieve truly inclusive Arabic 
NLP systems. 

 

According to    [22] , to address these limitations, future research should focus on collecting more diverse dialectal data, 
specialized pre-training for Arabic dialects, cross-dialectal training, and developing culturally informed models. 
Additionally, adversarial training, data augmentation, improved speech recognition and synthesis, transfer learning, and 
user-centered design should be explored. Moreover, it is essential to establish ethical guidelines, evaluation metrics, and 
standardized benchmarks will also be crucial for advancing Arabic dialect processing in NLP models. DL-based models and 
pre-trained models adapted for Arabic dialects are particularly beneficial in applications such as social media analysis, event 
detection and analysis, MT, chatbots, virtual assistants, speech recognition, educational tools, cultural preservation, 
entertainment, public services, and healthcare.  

 

TABLE 8. Challenge Taxonomy 

Challenge Category Specific Challenges Affected Tasks Proposed Solutions 
Data Scarcity • Limited parallel corpora 

• Few speech datasets 
• Lack of city-level data 

MT, ASR, DI • Data augmentation 
• Crowdsourcing 
• Synthetic data generation 

Linguistic Variation • Orthographic inconsistency 
• Code-switching 
• Morphological complexity 

All tasks • Character-level models 
• Multi-task learning 
• Subworld tokenization 

Evaluation • No standardized benchmarks 
• Inconsistent metrics 
• Poor reproducibility 

All tasks • Shared tasks 
• Unified evaluation frameworks 
• Open-source models 

Model Adaptation • LLM zero-shot limitations 
• Domain shift 
• Computational cost 

All tasks • Fine-tuning strategies 
• Adapter modules 
• Efficient training 

1.1. Future Directions  

Future trends in Arabic dialectal NLP focus on leveraging DL, LLMs, and prompt engineering to build more inclusive, 
culturally aware systems and better address the field’s linguistic complexities summarized in table 9 , as also underscored 
by [22]. 

Table 9. Future Directions in Arabic Dialectal NLP 

Future Direction Description 
LLM Enhancement for Dialects Fine-tuning large language models on dialect-rich corpora to improve 

generation, translation, and understanding. 
Dialect-Aware Prompt Engineering Designing prompts that explicitly guide LLMs to handle dialect-specific 

vocabulary and grammar. 
Dialect-Specific Pretraining Pretraining language models on extensive dialectal datasets to capture 

linguistic nuances and variations. 
Multimodal Dialect Modelling Integrating text, speech, and visual inputs to build richer and more 

accurate dialectal models. 
Multi-Dialect Unified Models Developing architectures that can process and generalize across 

several Arabic dialects simultaneously. 
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Continual Learning for Evolving Dialects Enabling models to update their knowledge as dialects evolve over 
time, especially in social media contexts. 

Low-Resource Dialect Adaptation Using zero-shot, unsupervised, and synthetic data techniques to 
support under-represented dialects like Sudanese and Yemeni. 

Improved Code-Switching Handling Building models capable of processing Arabic–Arabic and Arabic–
foreign language mixing with higher accuracy. 

Domain Adaptation for Dialects Tailoring models for specialized contexts such as healthcare, finance, 
education, or governmental sectors. 

Privacy-Preserving Dialectal NLP Developing techniques to protect sensitive user data during dialectal 
model training and deployment. 

Synthetic Data Generation Creating reliable synthetic dialect datasets using machine translation, 
augmentation, and human post-editing. 

Real-World System Deployment Building practical, dialect-aware applications such as chatbots, 
educational tools, health assistants, and voice systems. 

 

7. CONCLUSION  

This survey has provided a unified, application-oriented, and trend-driven synthesis of Arabic Dialectal Natural Language 
Processing (ADNLP) research during its most productive period (2020–2025) thereby directly addressing the research 
question posed in the Introduction. By systematically screening approximately 400 studies and conducting an in-depth 
analysis of 101 high-quality papers, we introduced an eight-cluster functional taxonomy that maps the complex 
interrelationships among tasks, resources, and methodologies in the field. Our findings reveal a clear maturation trajectory: 
Sentiment Analysis remains the dominant application (32 % of the literature), followed by Resource Building (21 %), while 
Dialect Identification and Code-Switching have evolved from standalone tasks into essential prerequisites for downstream 
systems. The field has undergone a definitive methodological shift from traditional machine-learning models to 
Transformer-based architectures (AraBERT, MARBERT) and, more recently, to Large Language Models, with research 
output peaking between 2022 and 2025. 

The study also highlights uneven coverage across dialects. While Maghrebi, Egyptian, Gulf, and Levantine varieties receive 
the majority of attention, Iraqi, Sudanese, and Yemeni dialects remain under-represented. Key gaps include limited high-
quality datasets for under-resourced varieties, few reproducible benchmarks, and limited cross-dialect transfer learning. 

By providing a structured taxonomy, trend analysis, and dialect-by-task gap mapping, this survey offers a clear reference 
for ongoing and future work in Arabic dialect NLP. Future research should focus on expanding resources for under-
represented dialects, establishing shared evaluation benchmarks, and exploring effective ways to combine dialect-specific 
models with the capabilities of generative LLMs. These steps will help build more balanced and inclusive language 
technologies for the Arabic-speaking 
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