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Abstract
Large Language Models (LLMs) such as ChatGPT have rapidly transformed academic practice, prompting debates about academic integrity, authorship, assessment, and the credibility of artificial intelligence generated content in higher education. Critics argue that Large Language Models produce hallucinations, unreliable citations, and uneven-quality academic explanations, attributing these challenges to the inherent flaws of the technology itself. This paper suggests that this critique misdiagnoses the problem. The core limitation arises not from the architecture Large Language Models, but from the low‑quality, heterogeneous, and unverified open‑internet data on which they are trained. To address these limitations, this study introduces the concept of Academic Large Language Models (A‑LLMs), a new category of artificial intelligence models trained primarily on high‑integrity, peer‑reviewed academic corpora such as Scopus, Web of Science, JSTOR, PubMed, and IEEE Xplore. The paper argues that Academic Large Language Models that are verified have the potential to transform pedagogy, assessment, research integrity, and educational equity. A collaboration and adaptive framework is proposed whereby artificial intelligence developers, academic publishers, and universities co‑create academically aligned, citation‑traceable artificial intelligence systems. The study concludes that Academic Large Language Models represent a transformative pathway for responsible, equitable, and high‑quality artificial intelligence adoption within higher education.
1. Introduction
The rapid advancement of Generative Artificial Intelligence has reshaped global knowledge production and learning practices, with Large Language Models standing at the center of this transformation (Mcintosh et al., 2025). Tools such as ChatGPT, Gemini, and Claude have become ubiquitous in higher education, offering students and educators new ways to interact with information, generate text, analyse data, and obtain on‑demand explanations for complex concepts (Mavrych et al., 2024). However, this unprecedented growth has also produced significant anxiety across academic communities. Concerns about plagiarism, over‑dependence on artificial intelligence, misinformation, hollow learning, and the erosion of critical thinking dominate contemporary institutional discourse (Yeralan & Lee, 2023).
Academic institutions have responded with policies ranging from strict prohibition to cautious integration. Yet these policies generally assume that the limitations of Large Language Models are inherent to the technology (Chan, 2023). They position Large Language Models as unreliable because the models occasionally hallucinate facts, supply invented citations, or provide shallow academic reasoning (Elsayed, 2024;Waldo & Boussard, 2024). While these criticisms are valid, this paper argues that they are incomplete. The limitations stem not from the architecture of Large Language Models themselves, but from their training data large-scale, open‑internet corpora that lack the epistemic quality required for academic rigor (Fanny et al., 2025).
If Large Language Models are trained on content that has not undergone peer review, editorial control, or scholarly verification, then their output will necessarily inherit these weaknesses. Thus, the widespread critique of Large Language Models as unreliable misdiagnoses the actual problem which is data provenance (Lappin, 2024). This paper proposes a shift in perspective from debating whether Large Language Models should be used in education to determining which type of Large Language Models are appropriate and how they should be trained.
To address this issue, the study introduces the concept of Academic Large Language Models. These are Large Language Models trained primarily on curated, peer‑reviewed academic databases such as Scopus, Web of Science, JSTOR, PubMed, IEEE Xplore, Google Scholar, ScienceDirect, institutional repositories, and vetted online textbooks. The quality assurance embedded in these sources peer review, editorial oversight, citation indexing, and methodological scrutiny provides a foundation for generating accurate, traceable, and academically aligned artificial intelligence outputs (Rensburg, 2025). Such systems have the potential to transform teaching, learning, feedback, and research practice.
The purpose of this paper is therefore to examine the limitations of existing Large Language Model training models, propose a conceptual framework for an academic-grade alternative, and discuss its implications for educational practice and policy. The study contributes to emerging debates on Artificial Intelligence governance in education, providing a structured, theoretically grounded, and pedagogically oriented argument for a new generation of Large Language Model tools.
2. Literature Review
2.1 Artificial Intelligence
Artificial Intelligence is a dynamic and evolving field, and scholars have defined it in multiple ways to capture its various dimensions. According to Acharya et al. (2025), Artificial Intelligence is the study of agents that perceive their environment and take actions that maximize their chance of achieving specific goals, emphasizing goal-directed behavior. Similarly, Demartini et al. (2024) describe Artificial Intelligence as a system’s ability to correctly interpret external data, learn from such data, and use those learnings to achieve specific tasks and objectives through flexible adaptation, highlighting the adaptive and learning capabilities of Artificial Intelligence systems. 
In educational contexts, Artificial Intelligence refers to computational systems that can support teaching, learning, and administrative processes (Tagbo, 2025). These systems are increasingly used to provide personalized learning experiences, automate grading and administrative tasks, offer intelligent tutoring, and enhance student learning (Hamal et al., 2022). Historically, early Artificial Intelligence applications in education involved rule-based expert systems designed to provide structured guidance to learners (Regueras et al., 2022). Over time, Artificial Intelligence technologies have evolved to include adaptive learning platforms, chatbots, and Large Language Model based tools capable of dynamically adjusting content and feedback to meet individual student needs (Sajja et al., 2024). In practice, Artificial Intelligence can tailor learning materials according to student progress, automate routine administrative tasks, support research activities such as literature review and data analysis, and assist in identifying students who may require targeted interventions (Ahmad et al., 2022; Sajja et al., 2024).
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Natural Language Processing, a crucial subfield of Artificial Intelligence, enables computers to understand, interpret, and generate human language. Chiyangwa et al. (2021) describe Natural Language Processing as the intersection of computer science, artificial intelligence, and linguistics concerned with interactions between computers and human language. Similarly, Rayhan et al. (2023) defines Natural Language Processing as the ability of a computer program to understand human language as it is spoken or written and to process it meaningfully, emphasizing practical understanding of language. Karanikolas et al. (2023) complement these views by describing Natural Language Processing as the computational techniques for analyzing and synthesizing natural language and speech.
Within education, Natural Language Processing has been employed to develop systems for automated essay scoring, intelligent tutoring, question answering, and personalized feedback (Alqahtani et al., 2023). Natural Language Processing driven educational tools can enhance student engagement, provide timely formative feedback, and support the development of writing and analytical skills (Wulff et al., 2023; Wang, 2025). For instance, automated essay scoring systems that rely on Natural Language Processing algorithms have demonstrated levels of reliability comparable to human grading, thereby reducing faculty workload while providing consistent feedback (Chandrakant, 2025). Moreover, Natural Language Processing powers interactive educational chatbots that can guide learners through study material, answer questions, and facilitate self-paced learning, while also supporting language translation for multilingual learners and enhancing accessibility for students with diverse learning needs (Englmeier, 2025).
2.3 Large Language Models
Large Language Models are a subset of Natural Language Processing technologies that are trained on extensive textual datasets to generate coherent, contextually relevant, and human-like language. Naveed et al. (2024) define Large Language Models as deep learning models trained on vast amounts of text data to generate coherent and contextually relevant text, focusing on their generative capabilities. Marufatul et al. (2024) describe them as transformer-based architectures capable of capturing statistical patterns in large corpora to perform a wide range of language tasks, highlighting the architectural innovations behind these models. Hadi et al. (2024) further characterize Large Language Models as models that can perform reasoning, summarization, translation, and content generation by leveraging patterns learned from massive datasets, emphasizing their multi-functional capabilities.
Examples of widely used Large Language Models include ChatGPT by OpenAI, which can generate essays, assist in coding, summarize content, and answer complex queries; Gemini by Google DeepMind, which focuses on multi-domain reasoning and dialogue; Claude by Anthropic, designed for safe and ethical Artificial Intelligence interactions; and LLaMA by Meta, an open-source model optimized for research and domain-specific applications. In higher education, these models have been adopted to support students in writing assignments, generating coding examples, summarizing research papers, and clarifying complex concepts (Naznin et al., 2025; Black & Tomlinson, 2025).
2.4 Academic Integrity Concerns
One of the most prominent themes in the literature on Large Language Model adoption concerns academic integrity and ethical considerations. Researchers warn that Large Language Models may be misused to complete assignments without students fully understanding underlying concepts, potentially compromising learning outcomes (Yan et al., 2024). Key concerns include plagiarism and identity authenticity, as institutions struggle to verify whether submitted work was generated by humans or Artificial Intelligence systems (Shahzad et al., 2025). Excessive reliance on Large Language Models may also inhibit the development of essential cognitive skills, such as critical thinking, writing, research, and analytical reasoning, since students may bypass the effort required to engage deeply with learning materials (Zhai et al., 2024).
Another key concern highlighted in the literature is the reliability of Large Language Model outputs, which is closely linked to the quality and governance of their training data. Most mainstream Large Language Models are trained on vast internet-scale corpora, which contain misinformation, biased language, low-quality sources, and unverified content (Pahune & Akhtar, 2025; Abdelguerfi et al., 2025; Grundy, 2024). As a result, Large Language Models are prone to generating hallucinations, confidently fabricated or inaccurate information and reproducing societal or cultural biases embedded in the training datasets. Moreover, the lack of traceable citations in most Large Language Model outputs prevents users from verifying information against credible sources, and the performance of these models can vary significantly across disciplines due to uneven representation in the training data(Walters & Wilder, 2023; Ordu, 2023).
2.5 Gaps in the Literature
Despite the growing body of research on Artificial Intelligence and Large Language Models in education, several gaps persist. First, there is a lack of structured conceptual frameworks that integrate academic data governance, pedagogical requirements, and student use patterns into a unified model. Second, there is no consensus on the structures or modalities for collaboration between Large Language Model developers and academic publishers or databases, leaving opportunities for academic-grade model development largely unexplored. Third, while calls for curated academic datasets are common, there is limited empirical research examining the characteristics of a truly academically verified corpus. Fourth, few studies provide concrete implementation roadmaps for embedding academically aligned Large Language Models into curricula, assessments, and digital literacy programs. 
These gaps highlight the need for conceptual models that can guide the development, governance, and pedagogical integration of Large Language Models in higher education, particularly in underrepresented regions and contexts.
3. Methodology
This study uses a desktop research approach, reviewing literature on Artificial Intelligence, Deep Learning, Large Learning Models, Academic Integrity as well as the gaps in literature and proposes a foundational framework for academically aligned Large Learning Models.
4. Proposed Framework (A-LLM Framework)
The Academic Large Language Model Framework seeks to provide a clear, structured approach for integrating academically aligned large language models into higher education. It aims to ensure that Large Language Models are built on high-quality academic data, aligned with educational standards, governed responsibly, embedded meaningfully into teaching and learning, and continuously improved through feedback and real-world use.
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Figure 1: Proposed A-LLM Framework
· Academic-Grade Data Sources
This foundational layer comprises rigorously vetted, high-credibility scholarly materials that constitute the epistemic base from which the Large Language Model derives its knowledge. Its purpose is to ensure that the model is anchored in peer-reviewed, authoritative, and discipline-specific academic content rather than unregulated, heterogeneous web data. By drawing from institutional repositories, scientific databases, scholarly journals, curated textbooks, and accredited educational resources, this layer seeks to establish epistemic legitimacy, mitigate misinformation, minimize bias propagation, and enable the model to generate outputs that reflect the standards of academic standards. The integrity and quality of this layer determine the intellectual reliability of the system as a whole.
· Large Language Model Training and Alignment Layer
[bookmark: _Hlk214714091]This layer operationalizes the transformation of curated academic data into an educationally aligned language model. It incorporates training methodologies including supervised fine-tuning, reinforcement learning, domain-specific calibration, and rule-anchored constraint modeling that embed discipline-appropriate reasoning patterns and academic communication norms. The central objective of this layer is to ensure that the model behaves in ways consistent with scholarly expectations, such as adhering to citation structures, avoiding unsupported assertions, maintaining epistemic humility, and producing content grounded in academic evidence. Through alignment processes, the Large Language Model is positioned not merely as a generative system but as a credible, academically responsible intellectual agent.
· Pedagogical Integration Layer
This layer governs the structured infusion of the aligned Large Language Model into higher education processes. It focuses on curriculum augmentation, instructional design, personalized tutoring, formative feedback systems, academic writing support, assessment redesign, and digitally mediated learning experiences. Its purpose is to ensure that Large Language Models enhance rather than dilute cognitive development, enabling students to develop analytical, reflective, and creative competencies while leveraging Artificial Intelligence as a scaffold rather than a substitute for intellectual effort. This layer also supports lecturers in developing Artificial Intelligence inclusive teaching strategies, enabling more equitable access, addressing learner diversity, and promoting deeper engagement with course content.
· Governance, Policy, and Ethical Standards Layer
This layer establishes the regulatory and normative structures required for the responsible use of Large Language Models within educational institutions. It encompasses academic integrity frameworks, data privacy protocols, ethical guidelines, acceptable-use policies, fairness and accountability provisions, and institutional oversight mechanisms. The purpose of this layer is to safeguard the integrity of academic work, protect intellectual property, prevent Artificial Intelligence mediated misconduct, and ensure transparent and equitable access. It also ensures compliance with legal and ethical requirements, promoting institutional trust and maintaining the legitimacy of academic credentials in an Artificial Intelligence augmented educational landscape.

· Student and Faculty Use Layer
This layer captures the real-world interactions of students, academics, and administrative personnel with Large Language Models enabled systems. Its objective is to analyze user practices, skill levels, motivations, challenges, and potential misuse in order to inform pedagogical and policy refinements. The layer emphasizes Artificial Intelligence literacy development, equitable access, and the cultivation of critical Artificial Intelligence engagement skills, ensuring that users can distinguish between appropriate assistance and academic misconduct. Insights derived from this layer provide an empirical grounding for model improvement, curriculum adaptation, and institutional policy adjustments.
· Feedback and Adaptation Mechanism
This cross-cutting mechanism underpins the dynamic evolution of the A-LLM Framework by establishing bidirectional information flows across all layers. It ensures that insights from real-world use such as error patterns, disciplinary performance gaps, misuse trajectories, and emerging pedagogical needs continuously inform data curation, training regimes, governance updates, and pedagogical integration strategies. Its purpose is to maintain institutional adaptability and technological relevance, ensuring that the framework remains resilient, context-responsive, and capable of evolving alongside changes in educational practice, Artificial Intelligence capabilities, and societal expectations.
TABLE 1. Analytical Summary Table of A-LLM Framework Layers
	Framework Layer
	Primary Purpose
	Core Inputs
	Key Processes/Mechanisms
	Outputs / Expected Outcomes

	1. Academic-Grade Data Sources
	Establish an authoritative, reliable knowledge base grounded in scholarly content
	Peer-reviewed journals, university repositories, textbooks, academic databases, curated discipline-specific corpora
	Data curation, cleaning, classification, peer-validation
	High-quality academic corpus; reduced bias; enhanced epistemic credibility

	2. Large Language Model Training and Alignment Layer
	Align the model with academic norms, reasoning standards, and ethical guidelines
	Curated academic corpus, alignment rules, discipline-specific reasoning schemas
	Supervised fine-tuning, reinforcement learning, constraint modeling, rule-based alignment
	Academically aligned Large Language Model capable of evidence-consistent reasoning and accurate scholarly communication

	3. Pedagogical Integration Layer
	Embed Large Language Models into teaching, learning, and assessment in educationally meaningful ways
	Curriculum materials, instructional design plans, assessment models
	Personalised tutoring, formative feedback, curriculum augmentation, Artificial Intelligence inclusive assessment design
	Enhanced learning outcomes; improved engagement; Artificial Intelligence supported academic development

	4. Governance, Policy and Ethics Layer
	Regulate safe, responsible, and equitable use of Large Language Models in higher education
	Institutional policies, ethical guidelines, legal standards, integrity frameworks
	Policy formulation, risk analysis, privacy protection, academic integrity enforcement
	Safe, compliant, transparent, and ethical institutional Artificial Intelligence environment

	5. Student and Faculty Use Layer
	Understand actual user behaviour and promote AI literacy, responsible usage, and equitable access
	User practices, attitudes, skill levels, usage patterns, challenges
	Artificial Intelligence literacy training, user analytics, equitable access initiatives
	Empowered users; reduced misuse; informed policy and pedagogy refinements

	6. Feedback and Adaptation Mechanism
	Ensure continuous improvement across the entire framework
	Performance data, misuse cases, pedagogical feedback, institutional analytics
	Iterative evaluation, adaptive updates, cross-layer recalibration
	A responsive, evolving Artificial Intelligence education ecosystem aligned with emerging needs and challenges



5. Conclusion
The rapid integration of Large Language Models into higher education has prompted both enthusiasm and anxiety, with debates frequently centering on concerns about plagiarism, misinformation, and compromised academic integrity. This paper has argued that such concerns, while legitimate, are misdirected when attributed solely to the architecture of Large Language Models. Instead, the root cause lies in the epistemic fragility of their training data. Models built on unverified, heterogeneous internet sources inevitably reproduce the inconsistencies, inaccuracies, and biases embedded within those sources. This recognition necessitates a critical rethinking of how Artificial Intelligence systems intended for academic environments are developed, trained, and governed.
In response to this challenge, the paper introduced the Academic Large Language Model Framework, a conceptual model designed to guide the development and educational integration of academically aligned Large Language Models. By grounding these systems in peer-reviewed, curated, and discipline-specific scholarly corpora, Academic Large Language Models promise a more reliable, transparent, and academically coherent alternative to current general-purpose models. The framework articulates interconnected layers that is, academic-grade data sources, training and alignment, pedagogical integration, governance and ethics, student and faculty use, and feedback and adaptation that collectively ensure that Large Language Models enhance, rather than undermine, the core goals of higher education.
This study contributes to emerging Artificial Intelligence in education discourse by offering a conceptual foundation for reimagining how Large Language Models can support responsible teaching, learning, and research. It also highlights the need for collaborative partnerships between Artificial Intelligence developers, universities, academic publishers, and policy makers to co-create academically verified Artificial Intelligence systems that uphold scholarly integrity, promote equity, and support high-quality learning. As Artificial Intelligence technologies continue to evolve, future empirical research will be essential to test, refine, and operationalize the Academic Large Language Models framework across diverse institutional contexts.
Ultimately, moving beyond the fear of Large Language Models like ChatGPT requires shifting focus from prohibition to transformation. By investing in academically grounded Large Language Models, higher education can harness the benefits of Artificial Intelligence while preserving the values of scholarly rigor, intellectual honesty, and educational justice. The Academic Large Language Models model represents one pathway toward ensuring that Artificial Intelligence becomes a catalyst for academic excellence rather than a threat to it.
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