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ABSTRACT 

Large Language Models (LLMs) have rapidly emerged as transformative tools 

in education, offering personalized tutoring, content generation, and intelligent 

feedback. However, their widespread adoption is often restricted by a critical 

limitation: hallucinations, sounding true but factually incorrect outputs. This 

paper proposes a structured, three-layered framework for mitigating 

hallucinations in LLM-based educational tools.    

At the Input Level, hallucination risks are addressed by refining the quality and 

clarity of user prompts. Techniques such as prompt engineering, contextual 

grounding with curriculum-aligned materials, and input validation are explored 

to ensure that the model receives precise and relevant queries.  

The Model Level focuses on enhancing the internal reasoning and factual 

grounding of the LLM itself. We examine the efficacy of retrieval-augmented 

generation (RAG), fine-tuning with curated educational datasets, and the 

application of symbolic constraints or logic overlays.      

At the Output Level, we propose post-generation verification strategies to ensure 

factual accuracy before content is delivered to learners. This layer acts as a final 

safeguard, ensuring that only validated and pedagogically sound content reaches 

the end user. 

By organizing hallucination mitigation strategies across these three layers, this 

framework provides a comprehensive roadmap for developers, educators, and 

researchers seeking to deploy LLMs responsibly in educational environments. 

Key words: Large Language Models (LLMs), Educational Technology, AI 

Hallucinations, Retrieval-Augmented Generation, AI Safety in Education.    

JEL Codes: D83, I21, I23, O33. 
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1. INTRODUCTION   

The integration of LLMs into educational technology has initiated a new era of 

personalized, scalable, and interactive learning experiences (Alhafni et al., 2024: 1) (Patias, 

2025: 4). From intelligent tutoring systems and automated grading assistants to curriculum-

aligned content generators, LLMs are reshaping how learners engage with knowledge 

(Dennison et al., 2025: 4) (Shahzad et al., 2025: 4). Their ability to generate coherent, 

contextually relevant, and human-like responses makes them particularly attractive for 

educational applications. However, this promise is under the risk of a critical limitation: 

hallucinations (Cossio, 2025: 1). These are instances where the model produces information 

that is syntactically true but factually incorrect, misleading, or entirely fabricated.   

1.1. Definition and impact of hallucinations    

In educational contexts, hallucinations are not just technical issues, they are pedagogical 

liabilities (Jančařík & Dušek, 2024: 122). A hallucinated explanation in a science lesson, a 

fabricated historical date, or an incorrect mathematical derivation can misinform learners, 

reinforce misconceptions, and destroy the trust in AI-assisted learning environments. Unlike 

casual applications of LLMs, where minor inaccuracies may be tolerable, educational tools 

demand a higher standard of factual integrity and epistemic responsibility. As such, mitigating 

hallucinations is not just a technical challenge but a foundational requirement for the ethical 

deployment of LLMs in education (Patias et al., 2026: 163) (Wang et al., 2025: 1) (K. Z. Zhou 

et al., 2024: 3).   

1.2. Motivation for a layered mitigation framework      

This paper introduces a structured, three-layered framework for hallucination mitigation 

tailored specifically to educational use cases. The framework is organized into three 

interdependent layers: input-level, model-level, and output-level interventions. Each layer 

addresses hallucination risks at a different stage of the LLM pipeline, from the formulation of 

the user query to the final delivery of the model’s response.   

At the input level, the focus is on shaping the user’s prompt and contextualizing it with 

relevant, high-quality information. This includes techniques such as prompt engineering, 

curriculum-aware grounding, and input validation. At the model level, the emphasis shifts to 

the internal mechanisms of the LLM, including retrieval-augmented generation (RAG), and 

fine-tuning with cross-checked educational datasets. Finally, the output level introduces post-

generation safeguards such as fact-checking modules, confidence scoring, human-in-the-loop 

review, and explainability features like citation generation.    

By decomposing hallucination mitigation into these three layers, the framework 

provides a comprehensive and modular approach that can be adapted to various educational 

platforms and pedagogical goals. It also facilitates clearer evaluation metrics and 

implementation strategies, enabling developers and educators to make informed decisions 

about the design and deployment of LLM-based tools. This paper aims to bridge the gap 

between the technical sophistication of LLMs and the pedagogical accuracy required in 

educational settings, offering a roadmap for building safer, more trustworthy AI-powered 

learning systems.               
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2. RELATED WORK 

The phenomenon of hallucination in natural language generation has been widely 

documented across various domains, including machine translation, summarization, and open-

domain question answering. In the context of LLMs, hallucinations are typically categorized 

as either intrinsic (arising from the model’s internal representations) or extrinsic (resulting 

from a lack of grounding in external knowledge) (Cossio, 2025: 1). While much of the early 

research focused on hallucinations in general-purpose models, recent studies have begun to 

explore their implications in high-stakes domains such as healthcare, law, and education (Kim 

et al., 2025: 1) (Magesh et al., 2024: 1) (J. Zhou et al., 2025: 1) (Z. Z. Chen et al., 2024: 1).    

2.1. Existing mitigation strategies 

Fine-tuning LLMs on domain-specific datasets is another common strategy. In 

educational contexts, this involves training models on textbooks, academic papers, and 

curriculum-aligned materials (Patias et al., 2026: 160). While this can improve domain 

precision, it also introduces challenges related to data curation, bias, and overfitting. Moreover, 

fine-tuning alone does not guarantee hallucination-free outputs, especially in open-ended or 

generative tasks. 

Post-hoc verification methods have also gained traction. These include automated fact-

checking systems, confidence scoring mechanisms, and human-in-the-loop review pipelines.  

2.2. Gaps in current educational applications   

Despite these advances, few studies have proposed a unified framework that integrates 

mitigation strategies across the entire LLM lifecycle. Most existing approaches focus on 

isolated interventions, either at the model level (e.g., fine-tuning, RAG) or at the output level 

(e.g., fact-checking) (Cossio, 2025: 7) (Z. Z. Chen et al., 2024: 9) (Rahman et al., 2025: 1). 

This siloed approach limits the effectiveness of hallucination control, particularly in dynamic 

and learner-driven environments where inputs vary widely and pedagogical stakes are high.          

The proposed three-layered framework builds on this body of work by offering a holistic 

perspective. It synthesizes insights from prompt engineering, model architecture, and post-

processing to create a modular and adaptable system for hallucination mitigation. By aligning 

technical interventions with pedagogical goals, the framework addresses a critical gap in the 

literature and provides a foundation for future research in trustworthy educational AI.         

3. THE THREE-LAYERED FRAMEWORK   

This section outlines the methodology for mitigating hallucinations in LLM-based 

educational tools through a three-layered framework (Figure 1. The three-layered 

frameworkFigure 1). Each layer (input-level, model-level, and output-level) targets a distinct 

phase in the LLM pipeline, enabling modular and scalable intervention strategies.  

 



 

 

25 İzmir Kâtip Çelebi Üniversitesi İktisadi ve İdari Bilimler Fakültesi Dergisi, 2026; 9(1): 22 – 37 

 

Figure 1. The three-layered framework 

The framework is designed to be adaptable across educational platforms and learning 

contexts, ensuring both technical robustness and pedagogical integrity. 

3.1. Input-level mitigation    

Input-level strategies aim to reduce hallucination risk by optimizing the quality, clarity, 

and contextual relevance of the user’s prompt before it reaches the model. This layer is critical 

because ambiguous or poorly structured inputs often lead to speculative or fabricated outputs.       

3.1.1. Prompt engineering  

Prompt engineering involves crafting inputs that guide the model toward accurate, 

relevant, and grounded responses (B. Chen et al., 2025: 1). In educational settings, this 

includes:           

 Structured prompts: Using templates like “Explain [concept] using [source]” or 

“Summarize this passage in three bullet points” to constrain the model’s generative space.    

 Explicit task framing: Clarifying the user’s intent (e.g., “define,” “compare,” “solve”) 

to reduce ambiguity.     

 Instructional framing: Embedding pedagogical signals such as “use examples from 

biology” or “align with 9th-grade curriculum” to tailor the response to the learner’s level.     

Effective prompt engineering not only improves factuality but also enhances 

pedagogical alignment, ensuring that outputs are age-appropriate and curriculum-relevant. 

3.1.2. Contextual grounding 

Contextual grounding supplements the prompt with relevant background information or 

reference materials (Lee et al., 2025: 17). This is particularly important in education, where 

domain specificity and curricular alignment are essential, following:      
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 Curriculum-aware grounding: Attaching textbook excerpts, lesson plans, or learning 

objectives to the prompt.      

 Dynamic retrieval: Pulling in relevant documents or examples from a knowledge base 

or learning management system (LMS).      

 Semantic linking: Embedding key terms or concepts from prior lessons to maintain 

continuity and coherence. 

By linking the model’s response to trusted educational content, contextual grounding 

reduces the likelihood of hallucinations and promotes conceptual accuracy. 

3.1.3. Input validation 

Input validation acts as a gatekeeper, screening prompts for ambiguity, incompleteness, 

or misleading phrasing before they are processed by the model having (Qamar et al., 2024: 3):  

 Intent classification: Detecting whether the user is asking for factual information, 

creative writing, or opinion-based content, and routing accordingly.    

 Ambiguity detection: Flagging vague prompts (e.g., “Tell me about cells”) and 

prompting the user for clarification (e.g., “Do you mean biological cells or prison cells?”).      

 Pre-processing filters: Removing or correcting malformed inputs, such as typos or 

contradictory instructions.      

This layer ensures that the model receives high-quality inputs, reducing the cognitive 

load on the LLM and minimizing the risk of speculative generation. 

3.2. Model-level litigation 

Model-level strategies focus on enhancing the internal mechanisms of the LLM to 

improve factual grounding and reduce the generation of hallucinated content. These 

interventions are typically architectural or training-based.     

3.2.1. Retrieval-Augmented Generation (RAG) 

RAG integrates external knowledge retrieval into the generation process, allowing the 

model to ground its responses in real-time data with concrete characteristics (Cheng et al., 

2025: 1):  

 Architecture: Combines a retriever with the generator, the transformer-based LLM.     

 Workflow: The retriever fetches relevant documents based on the input query, and the 

generator conditions its output on these documents.        

 Benefits: Reduces hallucinations by linking the responses in verifiable sources, 

especially useful for fact-heavy subjects like history or science. 

In educational tools, RAG can be linked to curated repositories such as academic 

databases, digital textbooks, or institutional knowledge graphs.      
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3.2.2. Fine-tuning with educational data    

Fine-tuning involves training the LLM on domain-specific datasets to improve its 

accuracy and relevance in educational contexts (Patias et al., 2026: 1), based on:  

 Data sources: Textbooks, exam questions, teacher-generated content, and annotated 

student responses.    

 Curriculum alignment: Ensures that the model’s outputs reflect the standards and 

expectations of specific educational systems.  

 Bias control: Allows for the removal of culturally or pedagogically inappropriate 

content during training.    

While fine-tuning enhances domain accuracy, it must be carefully managed to avoid 

overfitting or the inclusion of outdated information.    

3.3. Output-level mitigation     

Output-level strategies serve as the final checkpoint before the model’s response is 

delivered to the user. These interventions focus on verification, transparency, and human 

oversight.    

3.3.1. Fact-checking and confidence scoring    

Automated fact-checking modules and confidence scoring systems assess the factual 

integrity of the model’s output (Rahman et al., 2025: 1) (Qamar et al., 2024: 1), by using:   

 Fact-checking APIs: Compare generated claims against trusted databases (e.g., 

Wikipedia, academic journals).      

 Claim decomposition: Break down complex responses into atomic claims for 

individual verification.    

 Confidence scoring: Assign a reliability score to each output, allowing users to gauge 

the model’s certainty.   

These tools can be integrated into educational dashboards, alerting teachers or learners 

when a response may require further control.     

3.3.2. Human-in-the-loop systems    

Human oversight remains a critical component of hallucination mitigation, especially 

in high-stakes or formative learning environments (Z. Z. Chen et al., 2024: 34), with various 

means:  

 Teacher review portals: Allow educators to approve, edit, or reject AI-generated 

content before it reaches students.      
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 Feedback loops: Enable users to flag hallucinated responses, which can be used to 

retrain or fine-tune the model.      

 Hybrid workflows: Combine automated generation with human curation, particularly 

for assessments or instructional materials.   

This approach balances the scalability of LLMs with the pedagogical judgment of 

human educators.    

3.3.3. Explainability and citation generation    

Transparency mechanisms help users understand the origin and rationale behind the 

model’s responses, as they have different options (Papagiannopoulos et al., 2025: 1):    

 Source assignment: Include citations or links to the documents used during generation.    

 Rationale tracing: Provide step-by-step explanations of how the model arrived at a 

particular answer.      

 Visual aids: Use diagrams, highlights, or annotations to clarify complex concepts.     

Explain ability not only builds trust but also supports metacognitive learning, helping 

students understand not just what the answer is, but why it is correct.     

The discussed techniques and their benefits for learning are summarized in Table 1. 

Table 1: The three-layered framework – description and benefits 

Layer Technique Description Educational benefit 

In
p

u
t-

le
v

el
 

Prompt 

engineering 

Crafting structured, task-specific 

prompts to guide model behavior. 

Reduces ambiguity and improves 

alignment with learning objectives. 

Contextual 

grounding 

Supplementing prompts with 

curriculum-aligned documents or 

examples. 

Anchors responses in trusted 

educational content. 

Input validation 
Screening prompts for vagueness, 

errors, or misleading phrasing. 

Ensures high-quality inputs and 

reduces speculative generation. 

M
o

d
el

-l
ev

el
 

Retrieval-

Augmented 

Generation 

(RAG) 

Integrating external knowledge 

retrieval into the generation 

process. 

Grounds outputs in real-time, 

verifiable sources. 

Fine-Tuning 

with educational 

data 

Training the model on vetted 

academic content and domain-

specific datasets. 

Enhances domain fidelity and 

curriculum relevance. 

O
u

tp
u

t-
le

v
el

 

Fact-checking & 

confidence 

scoring 

Verifying claims post-generation 

and tagging responses with 

reliability scores. 

Flags potentially hallucinated 

content before learner exposure. 

Human-in-the-

loop systems 

Allowing educators to review, 

approve, or correct AI-generated 

content. 

Adds expert oversight and ensures 

pedagogical integrity. 

Explainability & 

citation 

generation 

Providing source references and 

rationale for each response. 

Builds trust and supports 

metacognitive learning. 
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This three-layered framework offers a holistic and modular approach to hallucination 

mitigation in LLM-based educational tools. By addressing risks at the input, model, and output 

levels, it enables developers and educators to build systems that are not only technically robust 

but also pedagogically sound. Each layer contributes uniquely to the overall reliability of the 

system, and together they form a resilient architecture capable of supporting trustworthy, AI-

enhanced learning experiences.    

3.3.4. Implementation considerations    

Implementing the proposed three-layered framework for hallucination mitigation in 

LLM-based educational tools requires careful orchestration of technical components, 

pedagogical goals, and operational constraints. This section outlines key considerations for 

deploying the framework in real-world educational environments.     

3.4. Integration into existing platforms    

Educational platforms vary widely in architecture, ranging from lightweight mobile 

apps to institution-level learning management systems (LMS). Integrating LLMs into these 

platforms demands modular design (Patias et al., 2024: 1). Input-level components such as 

prompt engineering and validation can be embedded into user interfaces, while model-level 

interventions like RAG and fine-tuning require backend infrastructure. Output-level 

safeguards, including fact-checking and human review portals, can be layered into content 

delivery pipelines. 

3.5. Trade-offs between automation and oversight    

Educational data often includes sensitive information about students, teachers, and 

institutions. Implementing retrieval systems or fine-tuning models on proprietary datasets 

must comply with data protection regulations such as GDPR. Secure data handling, 

anonymization, and access control are essential to ensure ethical deployment.    

3.6. Scalability and cost       

While hallucination mitigation improves reliability, it introduces computational 

overhead. Retrieval-augmented generation, ensemble modeling, and post-processing modules 

can increase latency and resource consumption. Developers must balance accuracy with 

performance, especially in large-scale deployments. Techniques such as caching, model 

distillation, and selective verification can help optimize resource use.    

3.7. Human oversight and workflow design 

Human-in-the-loop systems require clear workflows for educators to review, approve, 

or correct AI-generated content. This includes designing intuitive dashboards, notification 

systems, and feedback loops. Training educators to interpret model confidence scores and 

rationale traces is also critical for effective oversight.      
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3.8. Curriculum alignment and localization 

Educational content must align with regional curricula, language standards, and cultural 

norms. Fine-tuning and grounding strategies should reflect local pedagogical frameworks. 

Localization efforts may involve translating prompts, adapting examples, and incorporating 

region-specific knowledge bases. 

3.9. Continuous monitoring and adaptation 

Hallucination patterns may evolve over time as models are updated or as user behavior 

shifts. Implementing monitoring systems to track hallucination frequency, types, and contexts 

enables adaptive mitigation. Feedback from users, both learners and educators, should be 

systematically collected and used to refine prompts, retrievers, and verification modules.    

In summary, successful implementation of the framework requires a multidisciplinary 

approach, combining AI engineering, instructional design, data governance, and user 

experience. By addressing these considerations, educational platforms can deploy LLMs that 

are not only powerful but also trustworthy and pedagogically sound. 

4. EVALUATION METRICS    

Evaluating the effectiveness of hallucination mitigation strategies in LLM-based 

educational tools demands a multi-dimensional approach (Xu et al., 2024: 3). This section 

outlines key metrics and methodologies for assessing the performance, reliability, and 

educational impact of the proposed framework.    

4.1. Accuracy and factuality benchmarks   

The primary metric for hallucination mitigation is factual accuracy. This can be 

measured using benchmark datasets, or custom curriculum-aligned corpora (Rahman et al., 

2025: 1) (Qamar et al., 2024: 1). Metrics include:   

 Precision and recall of factual claims      

 Rate of hallucinated outputs per 100 responses     

 Comparison against human-verified ground truth   

Automated fact-checking tools can assist in large-scale evaluations, while manual 

annotation provides deeper insights into nuanced errors.    

4.2. User trust and satisfaction  

Trust is essential for adoption. Surveys, interviews, and usage analytics can measure 

(Brown, 2024: 1):    

 Learner confidence in AI-generated content     

 Educator satisfaction with oversight tools  
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 Frequency of flagged or corrected outputs    

Trust metrics should be tracked periodically to assess how mitigation strategies 

influence user perception over time.    

4.3. Educational outcomes  

Beyond factual correctness, outputs must align with pedagogical goals. Educational 

validity assesses whether responses are (Benedetto et al., 2024: 11351):   

 Curriculum-aligned     

 Age-appropriate    

 Conceptually accurate and clear 

Tests developed by educators can be used to score AI-generated content on these 

dimensions. Peer review by subject-matter experts adds further accuracy.     

4.4. Explainability and transparency 

Explainability metrics assess how well the system communicates its reasoning (Seth & 

Sankarapu, 2025: 1). These include: 

 Citation coverage (percentage of outputs with sources)    

 Rationale clarity (user-rated quality of explanations)  

 Educator feedback on traceability   

Explainable outputs not only reduce hallucination risk but also support metacognitive 

learning. 

Together, these metrics provide a comprehensive framework for evaluating 

hallucination mitigation in educational LLMs. They enable developers and educators to make 

data-driven decisions, ensuring that AI tools enhance learning without compromising trust or 

accuracy. 

5. CASE STUDY – THE PROJECT RISK MANAGEMENT TRAINER   

In this section, the application of the three-layer model in a practical case study is 

described, as applied by a project risk management instructor in practice (Patias et al., 2026: 

1). 
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5.1. Context 

We described an AI-trainer for project risk management, to achieve personalized 

learning, as LLM-powered assistant. The trainer is designed to answer learner queries, 

simulate risk scenarios, and provide feedback on risk assessment exercises.    

5.2. Challenge 

While the LLM demonstrates strong fluency and engagement, it occasionally 

hallucinates critical project management concepts, such as misclassifying risk types, 

fabricating mitigation strategies, or citing non-existent standards (e.g., ISO guidelines that 

don’t exist). These hallucinations pose serious risks to learner understanding and professional 

credibility, especially in a domain where precision and compliance are essential.     

5.3. Framework application 

Table 2 provides a summary of the details related to the example of using the framework 

application in the LLM-based risk management trainer. 

5.3.1. Input-level mitigation 

 Prompt Engineering: Trainers design structured prompts like “Explain the difference 

between qualitative and quantitative risk analysis using PMBOK terminology” to guide the 

model toward accurate, standards-based responses.  

 Contextual Grounding: Each prompt is paired with references to the PMBOK Guide, 

ensuring the model has access to authoritative sources.      

 Input Validation: The system flags vague queries such as “What’s a good risk 

strategy?” and prompts learners to specify context (e.g., industry, project phase). 

5.3.2. Model-level mitigation 

 RAG: The LLM is connected to a curated database of project management literature, 

including PMI publications, case studies, and regulatory documents.     

 Fine-Tuning with Educational Data: The model is fine-tuned on past training 

materials, certified exam questions, and annotated trainer feedback to align with professional 

standards.    

5.3.3. Output-level mitigation 

 Fact-Checking and Confidence Scoring: Responses are automatically checked against 

the PMI database. Outputs with low confidence scores are flagged for review.       

 Human-in-the-Loop Systems: Trainers receive dashboards showing flagged responses 

and can approve or correct them before learners see them.      
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 Explainability and Citation Generation: Each response includes citations (e.g., 

“PMBOK 6th Edition, Section 11.3”) and rationale tracing to show how the model arrived at 

its conclusion.    

Table 2:  The three-layered framework – Case study: the project risk management trainer. 

Layer Technique 
Application in educational 

tools 
Example use case 

In
p

u
t-

le
v

el
 

Prompt 

Engineering 

Design structured prompts that 

guide the model toward factual 

and pedagogically aligned 

responses. 

“Explain the difference between 

qualitative and quantitative risk 

analysis using PMBOK 

terminology.” 

Contextual 

Grounding 

Attach curriculum-aligned 

materials or reference 

documents to the prompt. 

Include references to PMBOK 

when asking for risk 

identification techniques. 

Input Validation 
Screen prompts for ambiguity or 

errors before processing. 

Flag vague queries like “What’s 

a good risk strategy?” and 

prompt for project phase or 

context. 

M
o

d
el

-l
ev

el
 

Retrieval-

Augmented 

Generation (RAG) 

Integrate external knowledge 

sources during generation to 

ground responses in real-time 

data. 

Retrieve relevant PMI standards 

or case studies when asked 

about risk mitigation planning. 

Fine-Tuning with 

Educational Data 

Train the model on vetted 

educational content to improve 

domain-specific accuracy. 

Use annotated trainer feedback 

and past exam questions from 

risk management modules. 

O
u

tp
u

t-
le

v
el

 

Fact-Checking & 

Confidence Scoring 

Verify generated claims and tag 

responses with reliability 

scores. 

Flag low-confidence answers 

about risk prioritization or 

probability-impact matrices. 

Human-in-the-

Loop Systems 

Allow educators to review and 

approve AI-generated content 

before delivery. 

Trainers validate simulated risk 

scenarios before learners 

interact with them. 

Explainability & 

Citation Generation 

Provide source references and 

rationale for each response. 

Include citations like “PMBOK 

Guide, Section 11.3” when 

explaining risk response 

strategies. 

 

6. DISCUSSION     

The proposed three-layered framework offers a structured and scalable approach to 

mitigating hallucinations in LLM-based educational tools. By addressing hallucination risks 

at the input, model, and output levels, the framework enables developers and educators to 

intervene at multiple stages of the LLM pipeline, enhancing both technical reliability and 

pedagogical integrity.   
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One of the key strengths of this framework is its modularity. Each layer can be 

implemented independently or in combination, allowing for flexible adaptation to different 

educational platforms, user demographics, and curricular goals. For instance, a lightweight 

tutoring app may prioritize input-level prompt engineering and output-level fact-checking, 

while a full-scale LMS might integrate retrieval-augmented generation and human-in-the-loop 

review systems.    

The framework also bridges the gap between AI safety and educational design. 

Hallucinations are not merely technical errors; they are pedagogical risks that can destroy 

learning outcomes. By embedding mitigation strategies into the educational workflow, the 

framework promotes responsible AI use and supports epistemic trust among learners and 

educators.   

However, several challenges remain. Implementing retrieval systems and ensemble 

models can be resource-intensive, especially in low-bandwidth or underfunded educational 

settings. Human oversight, while effective, may not scale easily across large user bases. 

Additionally, evaluation metrics must be continuously refined to capture the nuanced impact 

of hallucinations on learning.    

Future research should explore adaptive systems that learn from hallucination patterns, 

as well as collaborative frameworks that combine AI with educator expertise. The integration 

of multimodal inputs (e.g., images, diagrams) and multilingual support also presents promising 

avenues for expanding the framework’s applicability.    

In sum, this layered approach provides a robust foundation for building trustworthy, AI-

enhanced educational tools that prioritize accuracy, transparency, and learner safety. 

7. CONCLUSION AND FUTURE WORK   

Hallucinations in LLM-based educational tools pose a significant challenge to the 

reliability, safety, and pedagogical value of AI-assisted learning. As these tools become 

increasingly embedded in classrooms, tutoring platforms, and assessment systems, ensuring 

factual accuracy and epistemic trust is paramount. This paper presents a three-layered 

framework for hallucination mitigation, offering a comprehensive strategy that spans input-

level, model-level, and output-level interventions.   

At the input level, prompt engineering, contextual grounding, and input validation help 

shape high-quality queries that reduce ambiguity and guide the model toward accurate 

responses. Model-level strategies such as retrieval-augmented generation, and fine-tuning with 

educational data. Output-level safeguards, including fact-checking, human-in-the-loop review, 

and explain ability features, serve as the final checkpoint before content reaches learners.   

Together, these layers form a resilient architecture that can be tailored to diverse 

educational contexts and technical infrastructures. The framework not only mitigates 

hallucinations but also supports broader goals of AI safety, transparency, and pedagogical 

alignment. It empowers developers to build systems that are both intelligent and trustworthy, 

and it equips educators with tools to oversee and refine AI-generated content.     
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While challenges remain in terms of scalability, resource demands, and evaluation, the 

framework provides a clear roadmap for future innovation. By integrating technical rigor with 

educational sensitivity, it lays the groundwork for a new generation of AI-powered learning 

environments that are accurate, adaptive, and learner-centered.  

Ultimately, the success of LLMs in education will depend not only on their generative 

capabilities but on their ability to support meaningful, truthful, and equitable learning 

experiences. This framework is a step toward realizing that vision.     
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