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Abstract: This research paper focuses on the creation and deployment of an AI-powered adaptive 

learning framework designed to facilitate the acquisition of Classical Arabic. Although Classical 

Arabic is a language of religious and cultural heritage, learning it is not an easy task due to its rich 

morphology and syntax, as well as the limited opportunities for immersion in the country for those 

who know it as non-native speakers. Generic pedagogical practices commonly take a generalized but 

non-individualistic direction as they disregard the divergence and fluctuation of learners in time pace, 

cognitive inclination, and proficiency level in the usage of languages. This study suggests a machine 

learning-enabled adaptive learning system to overcome these problems by dynamically tailoring the 

content delivery according to the real-time evaluation of the performance of the learners. The 

technology analyzes the inputs of learners using natural language processing (NLR) methods, and it 

uses reinforcement learning algorithms to optimize specialized learning pathways. These 

characteristics comprise: (1) diagnostic testing to seed learner profiles, (2) fine-grained tracking of 

morphological and syntactic skills, and (3) adaptive feedback systems that automatically adjust the 

challenge level of exercises and instructional approaches (e.g., visual emphasis or auditory emphasis). 

An intermediate level group (n=120) of students is used to carry out a controlled experiment; 

proficiency outcomes over 6 months between the adaptive system and the normal classroom 

instruction method are compared. Statistically significant gains in grammatical accuracy (p < 0.01) 

and vocabulary retention (p < 0.05) will be shown in the adaptive learning cohort, especially among 

the learners who had low metacognitive awareness. Qualitative feedback indicates the effectiveness of 

the system in alleviating the anxiety of the learners by means of scaffolded challenges. 

The research makes a contribution to computational linguistics and Islamic pedagogy in the following 

manner: D elivering how adaptive algorithms are the effective means to facilitate the structural rigour 

in Classical Arabic and support various learning paths. Offers a guide to ethical inclusion of AI in 

sacred language learning that deals with cultural commodification issues. Providing scalable 

outcomes of madrasas and online platforms that experience instructor deficiencies. 
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1. Introduction 

Classical Arabic has huge religious, cultural, and intellectual importance as it is the language 

of the Quran, Hadith, and the history of Islamic scholarship. Nevertheless, despite the 

relevance of knowing Classical Arabic, it is not an easy task to achieve proficiency in 

reading, writing, speaking, and understanding Classical Arabic by non-native speakers 
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because of its rich morphology, tricky syntax, and less chance of practicing it, all these in an 

immersive context [1]. Most traditional methods of pedagogy rely on strict, one-size-fits-all 

ideologies, which do not consider the differences in cognitive processing, previous linguistic 

exposure, and speed of learning of individuals [2]. That gap in the effective language learning 

prompted the increased interest in adaptive learning systems with artificial intelligence (AI), 

which claim to be personalised in learning and improve the learning result [3]. 

1.1 The Challenge of Classical Arabic Acquisition 

About grammar structures, vocabulary, and style usage, Classical Arabic is very different 

from Modern Standard Arabic (MSA) and regional dialects [4]. There is a set of difficult verb 

conjugations (الأوزان), case markings (الإعراب), rhetorical constructs (الثلاغة), the student must 

learn, which, on top of that, have few interactive, meaning-dense texts [5]. In SLA studies, 

this complexity is recommended to require instructional approaches that are versatile enough 

to respond to cognitive load and metacognitive consciousness [6]. But the majority of 

available instruments, like the use of textbooks or general language applications, are too rigid 

to meet these needs [7]. 

1.2 Adaptive Learning Systems: A Technological Solution 

Adaptive learning systems leverage AI to tailor educational content dynamically based on 

real-time assessments of learner performance [8]. These systems employ techniques such as: 

 Natural Language Processing (NLP) to analyze learner inputs and diagnose errors 

[9]. 

 Reinforcement Learning (RL) to optimize lesson sequencing and difficulty scaling 

[10]. 

 Spaced Repetition Algorithms (SRS) to enhance long-term retention of vocabulary 

and grammar [11]. 

In the context of Classical Arabic, adaptive systems could address critical challenges, such as: 

1. Morphological Complexity: AI can break down Sarf (صرف) patterns into 

incremental, digestible units, adjusting drills based on error frequency [12]. 

2. Syntactic Ambiguity: Machine learning models can detect common I‘rab (إعراب) 

mistakes and provide contextual feedback [13]. 

3. Limited Authentic Input: Generative AI can simulate classical texts at varying 

difficulty levels, offering immersive reading practice [14]. 

1.3 Gaps in Existing Research 

While adaptive learning has been successfully applied to modern languages like English and 

Spanish [15], its implementation for Classical Arabic remains underexplored. Most digital 
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tools for Arabic focus on MSA or colloquial dialects, neglecting the unique demands of 

classical texts [16]. Additionally, few studies have examined how AI-driven personalization 

impacts metacognitive awareness—a key predictor of success in mastering inflectional 

languages [17]. 

1.4 Objectives of This Study 

This research aims to: 

1. Develop an AI-powered adaptive learning platform specifically designed for Classical 

Arabic, incorporating diagnostic assessments, dynamic content adjustment, and real-

time feedback. 

2. Evaluate the system’s efficacy through a controlled experiment comparing proficiency 

gains between adaptive and traditional instruction. 

3. Investigate how personalization affects learner motivation and anxiety, particularly in 

religious education contexts. 

1.5 Theoretical Framework 

The study draws on: 

 Vygotsky’s Zone of Proximal Development (ZPD) [18] underscores the need for 

scaffolding tailored to individual competence levels. 

 Sweller’s Cognitive Load Theory (CLT) [19] informs how adaptive systems manage 

intrinsic, extraneous, and germane cognitive loads. 

 Krashen’s Input Hypothesis [20] guides the generation of comprehensible input at 

i+1 difficulty levels. 

1.6 Significance and Contributions 

This work bridges the gaps between: 

 Islamic Pedagogy and AI: Providing a framework for ethically integrating 

technology into sacred language instruction [21]. 

 Computational Linguistics: Advancing NLP for Semitic languages with rich 

morphological systems [22]. 

 Educational Equity: Offering scalable solutions for madrasas and online platforms 

facing instructor shortages [23]. 

2. Literature  

The application of adaptive learning technologies in language education has gained 

significant traction in recent years. Research by Chen et al. [24] demonstrates that AI-driven 

platforms improve retention rates by 30% compared to traditional methods, particularly in 

morphologically complex languages. Their study on Mandarin learning systems highlights 



Akhtar et al 

60 
 

the role of real-time feedback in reducing cognitive overload—a finding highly relevant to 

Classical Arabic's intricate Sarf (morphology) rules. 

2.1 NLP for Semitic Languages 

While NLP has advanced for Indo-European languages, Semitic languages like Arabic 

present unique challenges due to non-concatenative morphology (root-pattern systems). 

Habash and Rambow [25] developed morphological analyzers for Modern Standard Arabic, 

but their work requires adaptation for Classical Arabic's archaic lexical items and syntactic 

structures. Recent breakthroughs in transformer models (e.g., Antoun et al., [26]  AraBERT) 

show promise but lack pedagogical integration. 

2.2 Cognitive Load in Arabic Learning 

The cognitive demands of acquiring Arabic's dual (مثنى) and case ( ابإعر ) systems are well-

documented. Alhawary's [27] eye-tracking study revealed that novice learners spend 47% 

more fixation time on vowelized texts versus unvowelized ones, suggesting adaptive systems 

should dynamically adjust diacritic presentation based on learner proficiency—an approach 

later validated by  Mohammed and Rashid's [28]mobile app experiment. 

2.3 Islamic Pedagogy and Technology 

The integration of technology in Islamic education remains contentious. While Zine [29] 

warns against the secularization of sacred knowledge through digital mediums, Alkouatli and 

Vadeboncoeur's [30] ethnographic work in madrasas shows that carefully designed AI tools 

can enhance—rather than replace—traditional teacher-student (طالة-شيخ) relationships when 

incorporating: 

 Isnad-inspired knowledge tracing (mapping error sources to specific grammatical 

concepts) 

 Fiqh-based personalization (adapting to madhhab-specific terminology preferences) 

2.4 Gaps in Current Research 

Three critical gaps emerge: 

1. Domain-Specific Models: Most Arabic NLP models (e.g., Abdelali et al., [31]) train 

on Modern Standard Arabic corpora, misrepresenting Classical Arabic's idgham (إدغام) 

and imala (إمالة) phenomena. 

2. Cultural Context: Existing adaptive systems (Li et al., [32]) prioritize utilitarian 

language skills over the hermeneutic needs of Quranic studies. 

3. Longitudinal Effects: No studies track whether AI-acquired grammatical competence 

(e.g., parsing شرطية جملة) translates to tafsir exegesis skills—a key outcome for Islamic 

scholarship (Gade, [33]). 
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2.5 Key Theoretical Tensions 

The literature reveals competing priorities: 

 Accuracy vs. Accessibility: Warschauer [34] advocates for simplified AI outputs to 

prevent learner frustration, while Al-Batal [35] insists on preserving grammatical 

rigor in sacred contexts. 

 Automation vs. Tradition: Berkey's [36] historical analysis of ijazah certification 

systems suggests adaptive tools must complement—not circumvent—human teacher 

verification, especially for advanced balagha (تلاغة) concepts. 

2.6 Emerging Solutions 

Recent innovations address some challenges: 

 Taji et al.'s [37] hybrid model combines rule-based Arabic analyzers with neural 

networks, achieving 92% accuracy in identifying إعراب errors in student writings. 

 Islamic EdTech Collective's [38] framework embeds adaptive systems within classical 

pedagogical structures, using AI as a "virtual mu'id" (معيذ, teaching assistant) rather 

than a replacement. 

3. Proposed  

The proposed adaptive learning system employs a three-layer modular architecture to 

deliver personalized Classical Arabic instruction: 

Layer 1: Data Input & Learner Profiling 

 Diagnostic Assessment Module: 

o Initial placement test evaluating: 

 Morphological awareness (Sarf صرف) via cloze exercises 

 Syntactic parsing (I'rab إعراب) through sentence-diagramming tasks 

 Vocabulary breadth using Quranic word-frequency lists (Dukes & 

Buckwalter, [39]) 

o Generates baseline Learner DNA profile tagging: 

 Cognitive style (analytic/holistic) via eye-tracking (builds on 

Alhawary's methods [27]) 

 Error propensity patterns (e.g., common case-marking mistakes) 

Layer 2: Adaptive Engine Core 

 Dynamic Content Generator: 

o Rule-based NLP pipeline for: 

 Real-time error detection in student responses (extends Taji's hybrid 

model [37]) 
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 Generation of corrective feedback using classical grammatical 

frameworks (e.g., Ajurrumiyyah primers) 

o A Reinforcement Learning (RL) agent that: 

 Adjusts exercise difficulty via Bayesian Knowledge Tracing (Corbett 

& Anderson, [40]) 

 Personalizes content presentation (text/audio/visual) based on VARK 

learning style classification 

 Contextual Knowledge Graph: 

o Semantic network linking: 

 Grammatical concepts (e.g., الخثر أنواع) 

 Quranic verses illustrating rules 

 Historical tafsir commentaries (integrated from [41] Tanzil.net corpus) 

Layer 3: Output & Evaluation 

 Multimodal Feedback Interface: 

o Augmented Reality (AR) I'rab Visualizer: Projects case endings onto 

physical Quran pages via smartphone 

o Voice-Based Tutor: Quranic recitation correction using ASR fine-tuned on 

Tajwid rules (Shoukry & Hussein, [42]) 

2. Technical Implementation 

Phase 1: Corpus Development (Months 1-4) 

 Dataset Curation: 

o Compile 50,000+ tagged examples from: 

 Classical grammar texts (e.g., Alfiyyah ibn Malik) 

 Graded Quranic verses (annotated by diacritical complexity) 

o Novel Annotation Scheme: 

 Tag grammatical errors with: 

 Linguistic Dimension: Sarf/I'rab/Balagha 

 Pedagogical Severity: Critical vs. stylistic errors 

Phase 2: Model Training (Months 5-8) 

 Specialized Transformer Model: 

o Fine-tune AraBERT ([26] Antoun) on Classical Arabic using: 

 Morphological Attention Heads: Separate weights for root-pattern 

analysis 



Akhtar et al 

 

63 
 

 Curriculum Learning: Gradually introduce archaic constructions 

(e.g., لفظية إضافة) 

o Benchmark against: 

 Traditional madrasa textbooks (control group) 

 Commercial apps (e.g., Arabic Online) 

Phase 3: User Testing (Months 9-12) 

 Controlled Experiment: 

o Participants: 200 intermediate learners (A2-B1 CEFR) from: 

 Islamic universities (e.g., Al-Azhar online courses) 

 Secular Arabic programs (e.g., Qasid Institute) 

o Metrics: 

 Pre/post-tests on: 

 Grammatical accuracy (measured by  Al-Khalil analyzer [43]) 

 Reading speed on unvowelized texts 

 Self-efficacy surveys (adapted from Bandura's scales [44]) 

3.1 Innovation Points 

1. Fiqh-Aware Adaptation: 

o System detects and accommodates madhhab-specific terminology preferences 

(e.g., Hanafi vs. Shafi'i grammatical rulings) 

2. Tafsir Integration: 

o Automatically links grammar exercises to thematic Quranic passages (e.g., 

teaching َّ إن through Surah Yusuf verses) 

3. Cognitive Load Optimization: 

o Implements dynamic diacritization: 

 Beginners see fully vowelized texts 

 Advanced learners receive strategic vowel removal to train i'rab 

deduction 

4. Conclusion 

This paper is a proposal for an adaptive learning system powered by AI to transform the 

acquisition of Classical Arabic by conjoining computational linguistics with Islamic learning 

theory and practice. It deals with the most crucial issues of learning this sacred language, like 

morphological complexity, minimal interactive material, and temporal cognitive overload, 

with self-adjusted interactive directions using natural language processing (NLP) and 

reinforcement learning (RL). 
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4.1 Key Contributions 

1. Technological Innovation: 

o The first adaptive learning platform specifically optimized for Classical 

Arabic, incorporating: 

 Rule-based error detection with hybrid NLP models (extending  Taji 

et al. [37])  

 Context-aware knowledge graphs linking grammar rules to Quranic 

verses and tafsir 

 Multimodal feedback (AR visualization, Tajwid-correcting ASR) 

2. Pedagogical Advancements: 

o Cognitive load management via dynamic diacritization and scaffolded 

exercises 

o Madhhab-sensitive adaptation, respecting jurisprudential differences in 

terminology 

o Metacognitive skill development through real-time progress dashboards 

3. Empirical Validation: 

o Controlled experiments demonstrate 35% higher grammatical 

accuracy compared to traditional methods (Al-Said [45]) 

o 28% improvement in vocabulary retention, addressing a key bottleneck in 

Quranic studies 

4. Broader Implications 

 For Islamic Education: Provides scalable solutions for under-resourced madrasas 

while preserving teacher-centric traditions through AI-as-mu’id (معيذ) assistants. 

 For NLP Research: Advances in morphological processing for Semitic languages, 

with transfer potential for Hebrew and Syriac. 

 For EdTech Ethics: Establishes a framework for culturally-grounded AI, avoiding 

the secularization pitfalls warned by Zine [29]. 

5. Limitations & Future Work 

 Data Sparsity: Classical Arabic’s limited digitized corpora necessitate continued 

manual annotation. 

 Long-Term Effects: Further studies must assess if AI-acquired skills translate 

to tafsir exegesis and oral recitation fluency. 

 Cross-Dialect Bridging: Future versions could incorporate Levantine or Egyptian 

Arabic as pedagogical bridges. 
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4.2 Final Perspective 

This work exemplifies “technology in service of tradition”—harnessing AI not to replace 

human teachers, but to amplify their impact while making Classical Arabic mastery more 

accessible. By aligning machine learning with the ihsan (إحسان) principle of excellence, the 

system honors the language’s sacred status while leveraging 21st-century tools. 
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