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Abstract 

This study presents a multi-dimensional framework for reliable, instructionally aligned question–answer (QA) 

generation from academic portable document formats (PDFs) using an evidence-grounded claude configuration. The 

pipeline integrates semantic document chunking, facebook ai similarity search (FAISS)-based dense retrieval, 

guided by a standard QA prompt and an instructionally aligned prompt guided by Bloom’s cognitive levels to 

generate factual, conceptual, procedural, analytical, and open-ended questions. A rubric-based evaluation framework 

assesses factual grounding, reasoning quality, and instructional relevance. Results show that the evidence-grounded, 

instructionally aligned setting improves factual grounding and increases overall rubric scores. It also reduces 

hallucinations, and enhances higher-order cognitive coverage and question-format diversity. The framework is 

presented as a lightweight proof of concept using claude-3-Haiku, while broader cross-model validation and 

alternative retrieval strategies remain important directions for future work. These findings demonstrate the 

educational utility and interpretability of evidence-grounded QA generation. 

 

Keywords: QA generation, instructionally aligned prompting, semantic chunking, FAISS retrieval, hallucination 
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1. Introduction 

 Large language models (LLMs) such as claude, generative pre-trained transformer (GPT), and related transformer-based 

systems have significantly advanced natural language processing (NLP). These models enable high-quality text generation, 

summarisation, and automated question–answer (QA) generation [1-6]. Their ability to synthesize information from complex 

textual contexts has created promising opportunities in education, research, and intelligent tutoring systems [7-9]. However, 

despite these advances, base LLMs often exhibit persistent limitations, including the hallucination of unsupported facts, weak 

grounding in domain-specific evidence, and limited pedagogical diversity in generated questions [10-13]. These shortcomings 

reduce their reliability and limit their suitability for structured educational applications. 

Recent studies have explored LLM-based QA generation, evidence-grounded generation, rubric-based evaluation, and 

pedagogically informed educational artificial intelligence (AI) systems [14-18]. In particular, evidence-grounded generation 

has emerged as an effective strategy for improving factuality by combining semantic retrieval with LLM-based generation, 

thereby reducing hallucinations and strengthening contextual fidelity [14-16]. In addition, hybrid AI architectures in other 

domains have shown that combining complementary learning components can improve robustness and reduce error 

propagation, reinforcing the broader value of modular designs for reliable AI systems [19].  
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At the same time, rubric-driven assessment and educationally guided prompting have gained attention as promising 

directions for improving the quality and instructional value of generated outputs [17-18]. Nevertheless, three important gaps 

remain. First, existing studies often lack a systematic multi-dimensional evaluation framework that jointly measures factual 

quality, reasoning, robustness, and pedagogical relevance in generated QA pairs. Second, automated LLM-based evaluation is 

often used without sufficient external alignment to human educational judgment. This limitation makes it difficult to determine 

how closely rubric-based scores reflect established teaching standards. Third, limited attention has been paid to the automated 

classification of generated questions into educationally meaningful categories, such as Bloom’s taxonomy levels and 

instructional formats (e.g., factual, conceptual, procedural, analytical, and open-ended). These limitations hinder the broader 

adoption of LLMs in structured educational and domain-specific learning environments. 

To address these gaps, this study presents a multidimensional framework for reliable, instructionally aligned QA 

generation from academic PDFs using an evidence-grounded claude configuration. The proposed framework integrates 

semantic document chunking, facebook ai similarity search (FAISS)-based dense retrieval, dual prompting (baseline and 

instructionally aligned), rubric-based evaluation, and heuristic question classification across Bloom’s cognitive levels and 

question formats. The objectives of this study are threefold: 

(1) To develop an evidence-grounded QA generation pipeline that reduces hallucinations through context-based synthesis.  

(2) To compare baseline and instructionally aligned prompting in terms of cognitive diversity, pedagogical depth, and 

reasoning quality. 

(3) To design scoring and classification modules that systematically evaluate and categorize QA pairs, producing a curated 

benchmark dataset of 600 QA pairs for educational artificial intelligence (AI) research.  

The present study is intentionally positioned as a lightweight proof-of-concept using claude-3-haiku to examine whether 

the proposed framework can improve factual grounding and pedagogical quality under a cost-efficient deployment setting. 

Experiments on academic PDFs demonstrate that the proposed framework improves factual grounding, pedagogical diversity, 

and overall evaluability compared with baseline configurations. 

The remainder of this manuscript is organized as follows. Section 2 reviews the related work. Section 3 presents the 

proposed methodology. Section 4 describes the experimental setup. Section 5 reports and discusses the results. Finally, Section 

6 concludes the study and outlines future research directions. 

2. Related Work 

The task of generating and evaluating question–answer (QA) pairs from academic and scientific texts has long been a 

central challenge in NLP. With the rise of LLMs, new opportunities have emerged for creating semantically rich, pedagogically 

diverse, and domain-specific QA pairs. However, several strands of research highlight ongoing limitations in factual accuracy, 

contextual grounding, and instructional utility. This section reviews prior work in four key areas relevant to this study: 

automated QA generation, retrieval-augmented generation (RAG), evaluation of QA systems, and question classification in 

educational AI. 

2.1  Automated QA generation with LLMs 

Transformer-based LLMs such as GPT-3, GPT-4, T5, and claude have significantly advanced automated QA generation 

[1-2]. These models excel at fluency, coherence, and adaptability across domains. However, open-domain QA systems often 

face challenges with hallucinations (the production of unsupported facts), weak domain alignment, and shallow question styles. 

Fine-tuning LLMs on domain-specific corpora has improved domain relevance, but issues of factual grounding remain. 
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Furthermore, most studies on QA generation prioritize semantic fluency over pedagogical diversity, leaving open questions 

about how to systematically generate factual, conceptual, procedural, analytical, and open-ended queries that align with 

educational taxonomies [17-18]. 

2.2  Retrieval-augmented generation (RAG) 

RAG models combine LLMs with external retrieval systems to ground responses in supporting evidence [14]. By 

retrieving relevant chunks from large corpora or curated datasets, these models reduce hallucination and increase factual 

accuracy. Variants of RAG are widely applied in open-domain QA [20], knowledge-intensive reasoning [21], and biomedical 

QA [22]. Despite their promise, existing RAG systems often lack fine-grained control over pedagogical diversity and rarely 

incorporate systematic evaluation frameworks. Moreover, retrieval performance depends heavily on chunking strategy, 

vectorization method, and similarity thresholds. This study extends this line of research by integrating document chunking 

with FAISS-based dense retrieval and a multi-prompt QA generation pipeline, which ensures both factual grounding and 

instructional alignment. In the present study, the retrieval analysis focuses on an embedding-level comparison within a dense 

retrieval setting, while broader comparisons across sparse or hybrid RAG strategies remain important directions for future 

work. 

2.3  Evaluation of QA systems 

Evaluation of QA systems traditionally relied on human judgment, which is costly, subjective, and difficult to scale. 

Automated metrics such as bilingual evaluation understudy (BLEU), recall-oriented understudy for gisting evaluation 

(ROUGE), and metric for evaluation of translation with explicit ordering (METEOR) capture surface-level overlap but fail to 

assess semantic fidelity and higher-order qualities such as clarity, reasoning, and domain maturity [23-24]. To address these 

gaps, semantic similarity approaches using sentence-bidirectional encoder representations from transformers (BERT) 

embeddings [25] and cosine similarity scoring are proposed for grading answer relevance. Recent work also explores rubric-

based evaluation, in which answers are scored across multiple dimensions of quality (accuracy, completeness, clarity, 

reasoning, faithfulness). Therefore, prior efforts often focus on a narrow set of criteria and lack interpretability across 

pedagogical dimensions.  

The proposed framework extends this by implementing a multi-faceted rubric evaluation that features both core and 

extended criteria, which it couples with correlation analysis to examine relationships among evaluation metrics. At the same 

time, automated LLM-based evaluation requires cautious interpretation, as model-family self-critique may introduce 

consistency bias when the same LLM family is used for both generation and assessment. Accordingly, rubric-based LLM 

evaluation is best treated as a scalable comparative proxy rather than a fully objective substitute for expert human judgment. 

2.4  Question classification and educational AI 

The application of QA systems in education centers on automating assessments, generating quizzes, and providing 

formative feedback [26]. Bloom’s taxonomy serves as a pedagogical scaffold for evaluating question complexity, ranging from 

knowledge recall to higher-order cognitive skills such as analysis and evaluation [27]. However, most LLM-based QA systems 

do not systematically classify questions into Bloom’s levels or pedagogical formats. Some studies have applied keyword-based 

heuristics or supervised classifiers for taxonomy mapping, but these remain limited in scope and integration.  

The proposed  framework introduces a heuristic classification module that categorizes questions into both Bloom’s 

cognitive levels and instructional formats—factual, conceptual, procedural, analytical, and open-ended—thereby enhancing 

interpretability and pedagogical alignment. This heuristic approach is intentionally lightweight and interpretable, focusing 

primarily on structural alignment rather than deeper semantic cognitive intent or cross-domain generalization. More advanced 

supervised or LLM-based pedagogical classification remains an important direction for future work. 
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2.5  Research gap and contribution 

Taken together, prior research demonstrates significant advances in QA generation, retrieval-based grounding, and 

evaluation methods. Yet, few systems combine evidence-grounded generation with multi-dimensional rubric-based evaluation 

and pedagogical classification. This creates a gap in developing holistic, education-aware QA pipelines that are both 

semantically reliable and pedagogically meaningful. This study addresses this gap by proposing a multi-dimensional 

framework for reliable and instructionally aligned QA generation with LLMs, implemented using claude, which integrating (i) 

semantic retrieval, (ii) dual-prompt QA generation (baseline vs. instructionally aligned prompting), (iii) rubric-based 

evaluation across 15 distinct criteria, and (iv) heuristic classification across Bloom’s levels and instructional formats.  

This unified pipeline not only improves the quality of QA generation but also contributes a curated, richly annotated 

dataset for benchmarking educational AI. The proposed framework is designed to provide a practical and interpretable 

foundation for evidence-grounded, instructionally aligned QA generation. At the same time, broader cross-model 

benchmarking and more advanced pedagogical classification remain important directions for future work. 

3. Methodology  

The proposed multi-dimensional framework, implemented using claude, is designed to generate, evaluate, and classify 

high-quality QA pairs from academic documents. The methodology is modular, comprising five key components: (i) document 

preprocessing and chunking, (ii) semantic retrieval with FAISS indexing, (iii) multi-prompt QA generation with claude, (iv) 

rubric-based multi-dimensional evaluation, and (v) heuristic classification of generated questions. Fig. 1 illustrates the overall 

pipeline. 

 

Fig. 1 Complete pipeline of the proposed framework for producing pedagogical QA dataset 

3.1  Document preprocessing and chunking 

The PDF document D is first processed using PyPDF2 to extract raw textual content. Since LLMs such as claude have 

input-length limitations, the extracted text is segmented into overlapping chunks using a sliding-window strategy. An 

illustrative abstraction of this sentence-level sliding-window chunking mechanism is presented in Fig. 2 for conceptual clarity. 

In practice, the system executes character-length-based chunking with overlapping contextual windows. 
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Fig. 2 Conceptual illustration of sliding-window chunking with overlap 

Let the extracted text from document D be represented as a sequence of sentences 𝐷 = {𝑠1, 𝑠2, ⋯ , 𝑠𝑛}, where 𝑠𝑖  represents 

a sentence. Chunks are defined as:  

𝑐𝑗 = {𝑠𝑝 , 𝑠𝑝+1, ⋯ , 𝑠𝑞}, 𝑤𝑖𝑡ℎ |𝑐𝑗|  ≤  𝜃 (1) 

where the character length of each chunk Cj, is bounded by the maximum character length   (set to 1200), and consecutive 

chunks overlap by 150 characters to preserve context. 

3.2   Semantic embeddings and FAISS retrieval 

To ensure that claude’s QA generation remains grounded in source material, the model,  adopts a semantic retrieval 

pipeline built on dense embeddings and FAISS. The embedding and retrieval process is formally outlined in Algorithm 1, 

which specifies the construction of embeddings for each text chunk, the indexing procedure in FAISS, and the subsequent top-

k similarity search. This design provides both reproducibility and a transparent, step-by-step mapping from pre-processed 

document chunks to the most relevant retrieval candidates for downstream QA generation.  

Let the pre-processed document be split into a set of chunks: 

𝐶 = {𝑐1, 𝑐2, ⋯ , 𝑐𝑘}  (2) 

where each chunk ic  (i =1~k) is embedded into a high-dimensional vector space using a pre-trained sentence embedding 

model, MiniLM, as:  

𝑣𝑖 = 𝑓(𝑐𝑖)  ∀ 𝑐𝑖 ∈ 𝐶  
(3) 

where  f  (.) Is the embedding function. These embeddings are 𝐿2-normalised as: 

𝑣𝑖 =  
𝑣𝑖

‖𝑣𝑖‖
  (4) 

All chunk embeddings are indexed using FAISS, which supports efficient inner-product or cosine-similarity search over 

large corpora. Given a query q constructed from the document title, abstract, or user-defined keywords, its embedding vq= f 

(q) is computed and compared with chunk embeddings as: 

 𝑠𝑖𝑚(𝑞, 𝑐𝑖) =  𝑣̂𝑞  ∙  𝑣̂𝑖 (5) 

The top-k chunks with the highest similarity are then retrieved as: 

𝐶𝑘
∗ = {𝑐𝑖1

, 𝑐𝑖2
, ⋯ , 𝑐𝑖𝑘

}  
(6) 
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The retrieved top-k segments act as evidence contexts for the downstream QA generation process. These contextually 

relevant chunks guide claude to generate responses that remain faithful to the original document content. By grounding the 

generation process in retrieved evidence, the framework also helps minimize hallucination. The end-to-end pipeline is shown 

in Fig. 3.   

 
Fig. 3 Schematic architecture of the end-to-end document retrieval pipeline 

Algorithm 1 Semantic embedding and FAISS retrieval 

Input: Document D, Embedding Model 𝑓(·), Query q, Top-k value 

Output: Retrieved chunk set 𝐶𝑘
∗ 

1:  Initialize Embedding_set ← ∅ 

2:  For each chunk 𝑐𝑖 in C: do 

3:      v𝑖  ←  𝑓(𝑐𝑖)    ▷ Compute chunk embedding 

4:      v̂𝑖 =  
V𝑖

‖V𝑖‖
        ▷ Normalize embedding vector 

5:      Store v̂𝑖 in Embedding_set 

6:  Build FAISS index 𝐼 using vectors in Embedding_set 

8:  Encode query: 

        v𝑞 = 𝑓(𝑞𝑖)    

9:  Normalize query embedding: 

        v̂𝑞 =  
V𝑞

‖V𝑞‖
   

10: Perform similarity search: 

        (𝑠𝑐𝑜𝑟𝑒𝑠, 𝑖𝑑𝑥)  ←  𝐼. 𝑠𝑒𝑎𝑟𝑐ℎ(v̂𝑞 , 𝑘) 

11: Retrieve top-k chunks: 

        𝐶𝑘
∗  ←  { 𝑐𝑗  |  𝑗 ∈  𝑖𝑑𝑥 } 

12: Return 𝐶𝑘
∗ 

 

3.3  Multi-prompt QA generation 

To capture both baseline QA ability and pedagogical richness, claude’s generation stage employs multi-prompting with 

two complementary prompt templates: 

(1) Baseline prompt (P₁) – optimised for concise QA generation: “Generate N graduate-level question–answer pairs based on 

the following content. Return output in JSON format: [{"question": "...", "answer": "..."}].” 

(2) Instructionally aligned prompt (P₂) – explicitly guides the model to diversify question types: “Generate N graduate-level 

question–answer pairs from the following content.” 

 Ensure coverage across Bloom’s levels: knowledge, comprehension, application, analysis, synthesis, evaluation.  

 Use varied formats: factual, conceptual, procedural, analytical, and open-ended. Return output in JSON format. 
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Given the retrieved context 𝐶𝑘
∗ , the prompt P (either P1 or P2) is injected as: 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝐶𝑙𝑎𝑢𝑑𝑒(𝑃 ∥  𝐶𝑘
∗ )  

(7) 

where ∥ denotes concatenation. The outputs are parsed into structured JSON objects: 

𝑄 = {(𝑞1, 𝑎1), (𝑞2, 𝑎2), ⋯ , (𝑞𝑚, 𝑎𝑚)}  
(8) 

The dual-prompt design enables comparative evaluation: 

 P1 measures claude’s base generative fidelity. 

 P2 stresses cognitive diversity and ensures coverage of higher-order thinking (analysis, synthesis, evaluation). 

For clarity, the experimental design distinguishes four conditions: (i) non-grounded claude with P1, (ii) non-grounded 

claude with P2, (iii) evidence-grounded claude with P1, and (iv) evidence-grounded claude with P2. This separation allows the 

effects of evidence grounding and instructionally aligned prompting to be analyzed independently and jointly. The QA 

synthesis process, guided by baseline and Bloom’s taxonomy–aware prompts, is described in Algorithm 2. 

Algorithm 2 Multi-prompt QA generation 

Input: Retrieved contexts 𝐶𝑘
∗, Prompt Type 𝑃 ∈  {𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒, 𝐵𝑙𝑜𝑜𝑚}, Model M  

Output: Set of QA pairs 𝑄 = {(𝑞1, 𝑎1), ⋯ , (𝑞𝑚, 𝑎𝑚)} 

1:  Concatenate contexts into a single passage: 

        Context ← concat(𝐶𝑘
∗ ) 

2:  For p  𝑃 do: 

3:    Construct input message: 

        Input ← p || Context 

4:    Call LLM API: 

        Response ← M(Input) 

5:    Parse JSON response: 

        Q ← extract (Response) 

6:  Return Q 

 

3.4  Rubric-based evaluation 

To ensure the generated answers are both contextually grounded and pedagogically valuable,  a multi-dimensional rubric-

based evaluation framework is implemented. The rubric is divided into core (content accuracy, completeness, clarity, domain 

maturity, faithfulness to source) and extended dimensions (relevance, conciseness, consistency, reasoning quality, terminology 

appropriateness, granularity, neutrality, evidence attribution, robustness, and novelty). Claude itself evaluates each QA pair in 

critic mode, where the model is prompted to act as an academic evaluator and return structured JSON containing: 

𝑆𝑐𝑜𝑟𝑒𝑖,𝑗  ∈ [1,5], 𝐽𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑖,𝑗   (9) 

where i denotes the rubric criterion and j represents the QA pair. The overall evaluation score for a QA pair is formalized as: 

𝐶𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒𝑆𝑐𝑜𝑟𝑒 (𝑄𝐴𝑗) =  
1

𝑁
∑ 𝑆𝑐𝑜𝑟𝑒𝑖,𝑗

𝑁

𝑖=1
 (10) 

where N is the number of rubric criteria (core + extended). Correlation analysis across criteria is performed to examine 

dependencies (e.g., whether higher clarity correlates with higher completeness). Reliability is tested using Cronbach’s Alpha 

[28], which is formulated as:  
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𝛼 =  
𝑁

𝑁−1
 (1 −

∑ 𝜎𝑖
2𝑁

𝑖=1

𝜎𝑇
2 )  (11) 

where 𝑖
2 is the variance of each criterion and 𝑇

2
 is the variance of the total score. Because the same model family is used for 

both generation and critique, the resulting rubric-based scores are interpreted as structured comparative indicators rather than 

definitive ground-truth judgments. Accordingly, automated rubric scoring is treated as a scalable proxy evaluation layer whose 

outputs are best understood in conjunction with external human judgment, as further assessed through the blind human 

validation analysis. This ensures the rubric evaluation is not only descriptive but statistically validated, offering insights into 

both model performance and rubric robustness. The complete evaluation pipeline is outlined in Algorithm 3. 

Algorithm 3 Rubric-based evaluation of QA pairs 

Input: 𝑄𝐴_𝑝𝑎𝑖𝑟𝑠 = {(𝑞1, 𝑎1), ⋯ , (𝑞𝑚, 𝑎𝑚)} 

𝑅𝑢𝑏𝑟𝑖𝑐 =  {𝐶𝑜𝑟𝑒_𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎 ∪  𝐸𝑥𝑡𝑒𝑛𝑑𝑒𝑑_𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎} 

Output: 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛_𝑠𝑐𝑜𝑟𝑒𝑠 =  {𝑆𝑐𝑜𝑟𝑒_𝑚𝑎𝑡𝑟𝑖𝑥, 𝐽𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠, 𝐶𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒_𝑠𝑐𝑜𝑟𝑒𝑠} 

1: Initialise Evaluation_scores ← ∅ 

2: For each 𝑄𝐴_𝑗 in 𝑄𝐴_𝑝𝑎𝑖𝑟𝑠 do 

3:  Initialise Score_record ← ∅ 

4:  For each criterion 𝑐 in Rubric do 

5:     Prompt claude_evaluator with: 

6:      "Evaluate 𝑄𝐴_𝑗  on criterion c. 

Return {𝑠𝑐𝑜𝑟𝑒 ∈  [1 − 5], 𝑗𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛}" 

7:     Receive response: {𝑠𝑐𝑜𝑟𝑒_𝑐, 𝑗𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛_𝑐} 

8:     Store 𝑆𝑐𝑜𝑟𝑒_𝑟𝑒𝑐𝑜𝑟𝑑[𝑐]  ←  (𝑠𝑐𝑜𝑟𝑒_𝑐, 𝑗𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛_𝑐) 

9:   Compute 𝐶𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒𝑆𝑐𝑜𝑟𝑒(𝑄𝐴_𝑗)  ←  (𝛴 𝑠𝑐𝑜𝑟𝑒_𝑐) / |𝑅𝑢𝑏𝑟𝑖𝑐| 

10: Append 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝑠𝑐𝑜𝑟𝑒𝑠  ←  (𝑄𝐴_𝑗, 𝑆𝑐𝑜𝑟𝑒_𝑟𝑒𝑐𝑜𝑟𝑑, 𝐶𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒𝑆𝑐𝑜𝑟𝑒(𝑄𝐴_𝑗)) 

11: Compute statistical validation: 

• Correlation_matrix across criteria 

• Cronbach's Alpha for reliability 

12: return 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛_𝑠𝑐𝑜𝑟𝑒𝑠 

 

3.5 Heuristic question classification 

Beyond rubric scoring, the study also aims to assess pedagogical diversity in the generated questions. For this purpose, a 

heuristic classification module, as detailed in Algorithm 4, is implemented to categorise questions along two axes automatically. 

The first axis focuses on “Bloom’s taxonomy Levels”. In this case, mathematically, each question 𝑞 is mapped to a Bloom 

class  B(q) such that: 

𝐵(𝑞) =  arg max 
𝑐∈𝐶

1{𝑘𝑤𝑐 ∈ 𝑞}   (12) 

where C is the set of Bloom categories, and 𝑘𝑤𝑐 represents the keyword set for the category c. 

Another is “Question Formats”, In this case the classification outputs two categorical variables for each question as:  

𝐿𝑎𝑏𝑒𝑙(𝑞) = (𝐵(𝑞), 𝐹(𝑞))  (13) 

where B(q), is the Bloom level and F(q), the format class.  
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This heuristic classification module is intended as a lightweight and interpretable baseline for pedagogical profiling. 

While it provides transparent rule-based categorization with low computational overhead, it may not fully capture deeper 

semantic cognitive intent or generalize robustly across domains. More advanced supervised or LLM-based pedagogical 

classification remains an important direction for future work. 

Algorithm 4 Heuristic question classification 

Input: 𝑄𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑠 =  {𝑞1, 𝑞2, … , 𝑞𝑛}, 𝐵𝑙𝑜𝑜𝑚_𝑘𝑒𝑦𝑤𝑜𝑟𝑑𝑠, 𝐹𝑜𝑟𝑚𝑎𝑡_𝑘𝑒𝑦𝑤𝑜𝑟𝑑𝑠  

Output: 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛_𝑙𝑎𝑏𝑒𝑙𝑠 =  {(𝐵𝑙𝑜𝑜𝑚_𝑙𝑎𝑏𝑒𝑙, 𝐹𝑜𝑟𝑚𝑎𝑡_𝑙𝑎𝑏𝑒𝑙) 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑞𝑖} 

1: Initialise 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛_𝑙𝑎𝑏𝑒𝑙𝑠 ←  ∅ 

2: For each question 𝑞 in 𝑄𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑠 do 

3:     Set 𝐵𝑙𝑜𝑜𝑚_𝑙𝑎𝑏𝑒𝑙 ←  "𝑈𝑛𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑧𝑒𝑑" 

4:     For each category 𝐵 in 𝐵𝑙𝑜𝑜𝑚_𝑘𝑒𝑦𝑤𝑜𝑟𝑑𝑠 do 

5:         If any keyword 𝑘𝑤  ∈  𝐵 is found in 𝑞, then 

6:             𝐵𝑙𝑜𝑜𝑚_𝑙𝑎𝑏𝑒𝑙 ←  𝐵 

7:    Set 𝐹𝑜𝑟𝑚𝑎𝑡_𝑙𝑎𝑏𝑒𝑙 ←  "𝑈𝑛𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑧𝑒𝑑" 

8:    For each category 𝐹 in 𝐹𝑜𝑟𝑚𝑎𝑡_𝑘𝑒𝑦𝑤𝑜𝑟𝑑𝑠 do 

9:        If any keyword 𝑘𝑤  ∈  𝐹 is found in 𝑞, then 

10:            𝐹𝑜𝑟𝑚𝑎𝑡_𝑙𝑎𝑏𝑒𝑙 ←  𝐹 

11:    Append 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛_𝑙𝑎𝑏𝑒𝑙𝑠 ←  (𝑞, 𝐵𝑙𝑜𝑜𝑚_𝑙𝑎𝑏𝑒𝑙, 𝐹𝑜𝑟𝑚𝑎𝑡_𝑙𝑎𝑏𝑒𝑙)  

12: return 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛_𝑙𝑎𝑏𝑒𝑙𝑠 

 

4. Experimental Setup 

Prior to evaluation, an experimental framework is established to assess the effectiveness of the proposed evidence-

grounded QA generation pipeline. This framework evaluates multiple dimensions, including retrieval quality, pedagogical 

diversity, and response reliability. The setup integrates document preprocessing, retrieval-augmented generation, prompt 

engineering, automated rubric-based evaluation, and human validation to provide a comprehensive assessment of the system. 

The experiments are designed to analyze both the factual grounding capability and the instructional effectiveness of the 

generated QA pairs under different prompting and retrieval configurations. 

4.1  Dataset preparation 

For evaluation, a curated corpus of 10 scientific research articles is collected from diverse domains, including computer 

science, biomedical sciences, materials science, and computational linguistics. The articles are obtained as PDFs and used as 

raw inputs for the pipeline. Each document is parsed using PyPDF2, followed by overlapping chunk segmentation (1,200 

characters per chunk with 150-character overlap) to preserve contextual continuity across chunk boundaries. The final dataset 

comprises 1,273 text chunks, indexed using FAISS after embedding with the all-MiniLM-L6-v2 SentenceTransformer model. 

These indexed chunks support evidence-grounded QA generation in downstream synthesis. This dataset is intended as a 

controlled proof-of-concept corpus rather than a universal benchmark. The present study focuses on short- to moderate-length 

scientific research articles and does not claim direct generalizability to longer educational materials, humanities texts, or 

broader cross-domain instructional settings without further validation. 

4.2  Models and prompt configurations 

The experiments use Anthropic claude-3-Haiku as the underlying LLM. To examine the effect of prompt design on QA 

generation, two prompting strategies are employed: (i) a baseline prompt instructing the model to generate 15 graduate-level 

question–answer pairs, and (ii) an instructionally aligned prompt that explicitly directs the model to span multiple cognitive 
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levels and incorporate varied formats as described in Section 3.5. Detailed formulations of these prompts are provided in 

Section 3.3. Each prompt is applied to all 10 research articles, producing a total of 300 QA pairs. The baseline serves as a 

control for standard QA generation, while the instructionally aligned prompt enables comparative analysis of pedagogical 

diversity and depth.  

The adoption of Bloom’s taxonomy is deliberate, as it provides a widely recognized framework in educational research 

for structuring learning objectives. This structure ensures that the questions generated not only assess factual recall but also 

stimulate higher-order cognitive skills such as analysis, synthesis, and evaluation. Claude-3-Haiku is selected as a lightweight 

proof-of-concept model to evaluate whether the proposed framework can improve factual grounding and pedagogical quality 

under a cost-efficient deployment setting. Broader cross-model validation with larger or more advanced LLMs remains an 

important direction for future work. 

4.3   Enhanced claude with RAG 

To improve contextual grounding, the proposed evidence-grounded claude configuration is implemented using dense 

embeddings and similarity-based retrieval. Each document is segmented into overlapping chunks and embedded using all-

MiniLM-L6-v2 (384 dimensions). The embeddings are indexed with FAISS for efficient top-k retrieval. For each query, the 

top-5 most relevant chunks are retrieved and incorporated into the claude prompt, grounding responses in source evidence and 

reducing hallucinations. For comparison, alternative embeddings are also evaluated, including all-MPNet-base-v2 (768 

dimensions), OpenAI Ada-002 (1536 dimensions), and a GloVe + TF-IDF hybrid (300 dimensions).  

Retrieval performance is measured using Recall@K (R@1, R@3, R@5) against a gold-standard set of 50 annotated 

queries. Detailed results are presented in Section 5.1. The same two prompting strategies (baseline and instructionally aligned) 

are applied under this evidence-grounded setting, producing an additional 300 QA pairs. Combined with the non-grounded 

baseline runs, the final evaluation set comprises 600 QA pairs. Recall@K metrics are computed only for the retrieval subsystem 

in the evidence-grounded (RAG-enabled) settings and are not applicable to the non-grounded baseline generation conditions. 

Accordingly, the retrieval analysis in this study is framed as an embedding-level comparison within a dense retrieval 

configuration rather than as a comprehensive comparison of alternative RAG paradigms. Broader comparisons involving 

sparse or hybrid retrieval strategies remain important directions for future work. 

4.4   Rubric-based evaluation protocol 

The generated QA pairs are automatically evaluated using the multi-dimensional rubric introduced in Section 3.4. Each 

pair is scored on the defined core and extended criteria, with ratings ranging from 1 (poor) to 5 (excellent) for each evaluation 

dimension. This systematic scoring ensures that the evaluation captures not only factual quality but also the pedagogical depth 

and reliability of the generated outputs. Experimental results are analyzed in Section 5.2. Automated rubric-based scoring is 

used in this study as a scalable, structured proxy for evaluation rather than as an inherently objective substitute for expert 

judgment. Because the same model family is used for both generation and critique, the possibility of self-consistency bias is 

acknowledged. To assess the alignment of the automated evaluator with human educational judgment, a masked human 

validation study is conducted on a representative subset of generated QA pairs, as described in Section 4.6. 

4.5   Statistical and comparative analysis 

To assess the reliability and interpretability of the rubric-based scoring framework, statistical analyses are conducted on 

the generated QA dataset. Correlation analysis is used to examine relationships among rubric criteria, identifying whether 

dimensions such as clarity, completeness, and reasoning quality co-varied across generated outputs. To evaluate the entire 

framework holistically, Cronbach’s Alpha is computed to measure the internal consistency of the rubric dimensions, providing 

a quantitative estimate of reliability across the 15 evaluation criteria. These analyses support the use of the rubric as a structured 
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comparative framework for assessing QA quality. To complement this internal statistical validation, the study incorporates 

external human validation to assess whether automated rubric-based scores align with expert judgment on a representative 

subset. This complementary validation is intended to strengthen the interpretation of the rubric scores as a reproducible 

comparative measure rather than a self-contained gold standard. 

4.6 Blind human validation study 

To reduce over-reliance on automated self-evaluation, a blind human validation study is conducted on a representative 

subset of 50 QA pairs sampled across all four experimental conditions: (i) non-grounded claude with baseline prompt (P1), (ii) 

non-grounded claude with instructionally aligned prompt (P2), (iii) evidence-grounded claude with baseline prompt (P1), and 

(iv) evidence-grounded claude with instructionally aligned prompt (P2). The sampled QA pairs are evaluated independently by 

two human expert raters. 

To reduce the annotation burden while preserving the most pedagogically and factually relevant dimensions, the human 

evaluation uses a reduced rubric comprising five core criteria: content accuracy, completeness, clarity, faithfulness to source, 

and reasoning quality. Each criterion is rated on the same 5-point scale used in the automated rubric evaluation. The model 

identities and prompt conditions are concealed from the raters to ensure a blind assessment and minimize bias. 

Agreement between the two human raters is assessed using Cohen’s Kappa, and alignment between the mean human 

scores and the automated rubric scores is analyzed using inter-method agreement statistics as reported in Section 5.6. This 

validation step provides an external reference point for interpreting the automated rubric-based scores. Furthermore, it helps 

determine whether the LLM-based evaluator aligns reasonably with established educational judgment. 

5. Results  

This section presents the empirical findings of the study, highlighting differences between the base claude model and the 

proposed evidence-grounded claude configuration, under both baseline and Bloom’s-aware prompting. The results are 

evaluated in terms of (i) embedding strategy evaluation, (ii) rubric-based scores, (iii) distribution of Bloom’s taxonomy and 

question formats, (iv) hallucination reduction, and (v) human–LLM agreement analysis. 

5.1  Embedding strategy evaluation 

Fig. 4 presents the retrieval performance of the evidence-grounded claude configuration under different retrieval settings, 

using MiniLM embeddings as the primary dense retrieval model. Compared to the baseline, the proposed configuration with 

all-MiniLM-L6-v2 embeddings and FAISS indexing significantly improves retrieval accuracy. Top-1 recall increases from 62% 

to 78%, Top-3 recall from 78% to 91%, and Top-5 recall from 85% to 96%. These results demonstrate that dense semantic 

retrieval substantially enhances the grounding of generated answers by surfacing relevant evidence with high reliability. 

Detailed retrieval values are reported in Table A1 (Appendix A). 

 
Fig. 4 Retrieval performance of the RAG-enabled subsystem at Top-k levels (k = 1, 3, and 5) 
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 Recall@K values reported in this subsection apply only to the retrieval subsystem in the evidence-grounded (RAG-

enabled) pipeline and are not applicable to the non-grounded baseline generation conditions. Accordingly, this analysis should 

be interpreted as an embedding-level comparison within a dense retrieval setting rather than as a comprehensive comparison 

across alternative RAG paradigms. 

To assess alternative strategies, MiniLM, MPNet, Ada-002, and GloVe + TF-IDF are compared. As shown in Table 1, 

MPNet and Ada-002 achieve slightly higher improvements (+25–28% at R@1 and +21% at R@3), but at the cost of increased 

dimensionality and computational overhead. MiniLM, by contrast, offers a near-optimal balance with +22% at R@1, +18% at 

R@3, and +14% at R@5, while being faster and lighter (384-dim vs. 768/1536). Fig. 5 illustrates these trends: Ada-002 sits at 

the upper bound of accuracy, but MiniLM remains competitive while being significantly more efficient (Table A2 in Appendix 

A). Together, these findings demonstrate that although MiniLM is not the top-performing model in absolute recall, it offers the 

best trade-off between efficiency and accuracy. Consequently, it constitutes the most practical choice for academic-scale, 

evidence-grounded QA pipelines. 

Table 1 Retrieval performance comparison across embedding strategies 

Embedding R@1 Δ% R@3 Δ% R@5 Δ% 

all-MiniLM-L6-v2 +21.88 +18.42 +14.29 

all-MPNet-base-v2 +25.00 +21.05 +14.29 

OpenAI Ada-002 +28.13 +21.05 +16.67 

 

 
Fig. 5 Recall@K performance comparison of embedding strategies 

5.2  Rubric-based evaluation 

Fig. 6 displays radar plots of average rubric scores (1–5 scale) across the four experimental settings: base claude (P1), 

base claude (P2), evidence-grounded claude (P1), and evidence-grounded claude (P2) . Each axis represents one of the 15 rubric 

criteria, offering a multidimensional view of the model's strengths and weaknesses. The results reveal clear trends. Evidence-

grounded claude consistently outperforms the base model across nearly all dimensions, with the largest gains in content 

accuracy (3.42 → 4.38), faithfulness to source (3.22 → 4.47), domain maturity, and evidence attribution. These improvements 

demonstrate the value of evidence grounding in validating generated answers, reducing hallucinations, and improving 

contextual reliability. P2 further strengthens performance in reasoning quality, completeness, and novelty, confirming that 

structured pedagogical guidance encourages deeper, higher-order cognitive engagement. A slight reduction in conciseness 

under P2 reflects more elaborate responses, which trade brevity for explanatory richness.  
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Despite this trade-off, overall average scores improve, with the highest performance observed in evidence-grounded 

claude with P2. Together, these findings confirm that evidence-grounded and instructionally aligned prompting provide 

complementary benefits: evidence grounding ensures factual accuracy and robustness, while structured prompting enhances 

diversity and cognitive depth in generated QA pairs. Full numerical results are provided in Table A3 (Appendix A). 

These rubric-based scores are interpreted as structured comparative indicators of relative QA quality rather than as 

intrinsically objective ground-truth judgments. Their external alignment with human educational judgment is further examined 

in Section 5.6. 

 

Fig. 6 Radar comparison of average rubric scores across four experimental conditions 

5.3  Bloom’s taxonomy distribution 

Fig. 7(a)-(b) illustrates the distribution of generated questions across Bloom’s cognitive levels. The base claude (P1) model 

exhibits a strong bias toward lower-order categories, with knowledge/recall (42%) and comprehension (31%) dominating the 

output. Conversely, introducing the instructionally aligned prompt (P2) improves diversity by elevating higher-order levels 

such as analysis (18%) and evaluation (11%). In contrast, the evidence-grounded claude configuration achieved a markedly 

more balanced distribution. With application (18-19%), analysis (15-18%), and synthesis/creation (9-12%), the model 

demonstrates stronger pedagogical alignment and progression toward higher-order thinking skills. This confirms that 

combining evidence grounding with instructionally aligned prompting can systematically increase the cognitive complexity of 

generated questions (Table A4 in Appendix A).  

Lower-order categories remain dominant across all four experimental conditions, indicating that prompt-level 

pedagogical guidance improves the distribution but does not fully eliminate the model’s tendency toward simpler factual and 

explanatory questions. The observed gains in higher-order question generation should therefore be interpreted as meaningful 

but partial improvements.  

5.4  Question format distribution 

Fig. 7(c)-(d) presents the distribution of question formats (factual, conceptual, procedural, analytical, open-ended). As 

expected, base claude (P1) leans heavily toward factual (50%) and conceptual (28%) formats, limiting pedagogical variety. 

With the instructionally aligned prompt, the model modestly increased the number of procedural (12%) and analytical (11%) 
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questions but still exhibited overreliance on simpler factual forms. The evidence-grounded claude configuration, particularly 

under P2, generated a richer mix: procedural (15%), analytical (16%), and open-ended (13%) questions. This demonstrates the 

pipeline’s ability to foster greater balance between recall-driven and exploratory formats, supporting deeper engagement with 

source material (Table A5 in Appendix A). These format distributions are derived from the lightweight heuristic classification 

module described in Section 3.5. While they provide useful comparative insight into pedagogical trends, they should be 

interpreted as rule-based approximations rather than as full semantic validations of instructional intent. 

  
(a) Bloom's taxonomy levels (b) Question formats 

  
(c) Bloom's taxonomy distribution (d) Question format distribution 

Fig. 7 Comparative distributions of generated questions across the four experimental conditions 

 

5.5 Hallucination reduction 

Fig. 8 illustrates the percentage of unsupported answers (hallucinations) across all model–prompt configurations. Base 

claude exhibits a high hallucination rate, with ~18% of answers in P1 and ~17% in P2 lacking evidence in the source material. 

In contrast, the evidence-grounded claude configuration dramatically reduces hallucinations to below 7.5%, with the lowest 

observed rate of 6.5% under P2. This trend confirms that evidence grounding effectively anchors generated answers in the 

source corpus, thereby improving content faithfulness and evidence attribution rubric scores. While prompt 2 offers slight 

improvements in reasoning quality, the most substantial reduction in hallucinations came from incorporating evidence 

grounding, validating its role as a key architectural enhancement for factual reliability. The interpretation of these reliability 

gains is further strengthened by the external human validation analysis reported in Section 5.6. 

 
Fig. 8 Comparative hallucination rates across the four experimental conditions 
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5.6  Human–LLM agreement analysis 

To assess alignment between the automated rubric-based evaluator and human educational judgment, a blind human 

validation study is conducted on a representative subset of 50 QA pairs sampled across all four experimental conditions. Two 

human expert raters independently evaluate each QA pair on a 5-point scale using five core criteria: content accuracy, 

completeness, clarity, faithfulness to source, and reasoning quality. Model identities and prompt conditions are concealed 

during annotation. Inter-rater agreement between the two human evaluators, assessed using Cohen’s Kappa, indicates 

substantial agreement, suggesting that the reduced human rubric is applied consistently. 

Comparison of mean human scores with the corresponding automated rubric scores on the same core dimensions shows 

that the automated evaluator tracks overall human scoring trends with reasonable consistency. Higher-quality QA pairs 

identified by human experts generally receive higher automated scores, while lower-quality outputs show corresponding 

reductions in both assessments. These results support the use of the rubric-guided LLM evaluator as a scalable comparative 

proxy for large-scale analysis, while not treating it as a substitute for expert human judgment. 

5.7  Overall insights 

The experimental results yield several overarching insights below: 

(1) Evidence grounding consistently enhances contextual grounding, resulting in higher rubric scores across all criteria.  

(2) Instructionally aligned prompting effectively diversifies cognitive depth, increasing the share of higher-order questions in 

categories such as analysis, evaluation, and synthesis.  

(3) The lightweight heuristic classification module further indicates that format diversity improves under the evidence-

grounded claude configuration, producing more procedural and open-ended questions alongside factual ones.  

(4) Hallucinations are reduced by nearly 65%, demonstrating the effectiveness of evidence grounding for faithfulness and 

evidence attribution.  

(5) The study culminates in a curated dataset of 600 QA pairs enriched with rubric evaluations and Bloom/format annotations, 

offering a benchmark resource for advancing research in educational AI.  

(6) The blind human validation study further showed that the automated rubric-based evaluator aligns reasonably with human 

educational judgment, supporting its use as a scalable comparative proxy for large-scale analysis. 

(7) While these findings establish the overall effectiveness of the framework, the contribution of each module is further 

examined through the ablation studies presented in the following section. 

5.8   Ablation studies 

To examine the contribution of each component in the proposed evidence-grounded claude framework, ablation 

experiments are performed by selectively removing or simplifying key modules. The analysis focuses on five components: 

evidence grounding, embedding strategy, prompt design, rubric scope, and question classification. Results are summarised in 

Table 2 and illustrated in Fig. 9, which presents both representative metric comparisons and normalized effect magnitudes. 

5.8.1 Evidence grounding vs. non-grounded generation 

Evidence grounding produces the largest overall impact on reliability. Without retrieval-based evidence support, content 

accuracy and faithfulness to source decline noticeably, while hallucination increases from 6.5–7.2% to 16.9–18.2% . These 

results confirm that evidence grounding is the primary mechanism for reducing unsupported outputs and improving source 

fidelity. 
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5.8.2 Embedding strategy 

Among the evaluated embedding models, MiniLM provides the most practical balance between retrieval quality and 

efficiency. Although MPNet and Ada-002 achieve slightly higher recall, they incurred greater dimensional and computational 

cost. In contrast, GloVe + TF-IDF underperformed, confirming the limitations of lexical embeddings for semantically rich 

academic content. This comparison is restricted to embedding choices within a dense retrieval configuration and should not be 

interpreted as a broader benchmark across alternative retrieval paradigms. 

5.8.3 Prompt design 

The baseline prompt P₁ produced a strong bias toward lower-order factual questions. The instructionally aligned prompt 

P₂ substantially increases the number of higher-order questions (18% to 36%) and improves reasoning quality and novelty. 

This indicates that structured prompting plays an important role in enhancing cognitive depth and pedagogical diversity, 

although lower-order categories still remain prominent. 

5.8.4 Rubric scope 

Using only the core rubric criteria results in weaker differentiation across model settings. Including the extended criteria 

improves evaluative robustness, with Cronbach’s alpha increasing from 0.71 to 0.83. This indicates that the full multi-

dimensional rubric provides a more reliable and discriminative assessment. This evidence of internal consistency is 

complemented by the blind human validation study, which provides an external reference for interpreting the rubric as a 

structured comparative evaluation framework. 

5.8.5 Classification module 

Removing Bloom’s taxonomy and question-format classification reduces interpretability, as rubric scores alone do not 

fully capture instructional balance. With classification enabled, the framework provided clearer insights into cognitive-level 

distribution and question-format diversity, strengthening the analysis of pedagogical alignment. However, the current 

classification module is intentionally lightweight and heuristic, and its outputs should be interpreted as interpretable 

pedagogical indicators rather than exhaustive semantic labels. 

Table 2 Ablation study results across major pipeline components. 

Component With module Without / Reduced module Observed effect 

Evidence grounding 
Hallucination: 6.5–7.2%; 

Content accuracy: 4.38 

Hallucination: 16.9–18.2%; 

Content accuracy: 3.42 

Substantial improvement 

in factual grounding, 

source faithfulness, and 

hallucination reduction 

Embedding strategy 

(MiniLM vs. GloVe+TF-IDF) 
Top-5 Recall: 96% Top-5 Recall: 84% 

+12 percentage points in 

retrieval recall with 

stronger semantic 

coverage 

Prompt design (Instructionally 

Aligned P₂ vs. Baseline P₁) 

Higher-order questions: 

36% 
Higher-order questions: 18% 

Improved cognitive 

diversity and greater 

pedagogical depth 

Rubric scope 

(Full vs. Core Only) 
Reliability: α = 0.83 Reliability: α = 0.71 

More robust, 

discriminative, and 

comprehensive 

evaluation 

Classification module 

Explicit Bloom’s level 

and question-format 

distributions 

No cognitive or format-level 

breakdown 

Enhanced interpretability 

and stronger instructional 

analysis 
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(a) Comparison of performance metrics with 

and without major framework components 

(b) Heatmap of normalised effect  

magnitudes across metrics 

Fig. 9 Ablation study visualisation 

6. Conclusions 

This study proposed and empirically validated a multi-dimensional framework for reliable, instructionally aligned QA 

generation from academic PDFs using claude. It integrated semantic chunking, FAISS-based retrieval, dual prompting 

strategies (standard and cognitively guided), and a 15-criterion rubric for evaluation. Experiments compared baseline versus 

evidence-grounded setups across standard and instructionally aligned prompts, yielding a curated dataset of 600 scored QA 

pairs. The key findings are summarized as follows: 

(1) Evidence grounding boosted faithfulness, evidence attribution, robustness, and reduced hallucinations by nearly 65%. 

(2) Instructionally aligned prompting enhanced cognitive diversity, higher-order reasoning, and coverage of Bloom’s 

taxonomy levels. 

(3) Rubric scores showed consistent improvements in accuracy, completeness, clarity, and reasoning quality. 

(4) Blind human validation further showed that the rubric-guided automated evaluator aligned reasonably with human 

educational judgment, supporting its use as a scalable comparative proxy for large-scale analysis. 

(5) The lightweight heuristic classification module indicated improved question-format distributions for richer, educationally 

meaningful QA, while providing interpretable pedagogical profiling. 

(6) The framework produced a benchmark dataset advancing educational AI research. 

However, the present study was to be interpreted as a controlled proof of concept implemented with claude-3-Haiku, 

rather than as a comprehensive benchmark across multiple LLM capabilities. In addition, the retrieval analysis was limited to 

an embedding-level comparison within a dense retrieval setting. Furthermore, and the current Bloom’s taxonomy and question-

format classification module was intentionally lightweight and heuristic, rather than a full semantic pedagogical classifier. 

Future work will extend to broader cross-model validation with larger or more advanced LLMs, alternative retrieval-

augmented generation strategies, long-form answer evaluation, advanced hallucination control, more robust pedagogical 

classification, and adaptive pedagogical AI systems. 
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Appendix A 

Table A1 Retrieval accuracy at Top-1, Top-3, and Top-5 levels. (suppl. For Fig. 4 ) 

Retrieval level Base claude Evidence grounded claude 

Top-1 62% 78% 

Top-3 78% 91% 

Top-5 85% 96% 

 

Table A2 Comparative performance of embedding strategies for retrieval (Recall at K). (suppl. For Table 1 & Fig. 5 ) 

Embedding model Dim. R@1 R@3 R@5 Notes 

all-MiniLM-L6-v2 384 78.0% 91.0% 96.0% Best trade-off between accuracy and speed 

all-MPNet-base-v2 768 80.5% 92.1% 97.0% Slightly better accuracy, slower runtime 

GloVe + TF-IDF Hybrid 300 65.0% 77.8% 84.0% Lexical bias, weaker on semantic similarity 

OpenAI Ada-002 1536 82.0% 93.2% 98.0% Highest recall, but costly and slower 

 

Table A3 Average rubric scores (Base claude vs. RAG-Enhanced claude) 

Criterion 
Base claude 

(P1) 

Base claude 

(P2) 

Evidence grounded 

claude (P1) 

Evidence grounded 

claude (P2) 

Content Accuracy 3.42 3.65 4.21 4.38 

Completeness 3.60 3.74 4.12 4.29 

Clarity 4.02 3.98 4.28 4.25 

Domain Maturity 3.15  3.52 4.05 4.32 

Faithfulness to Source 3.22 3.41 4.30 4.47 

Relevance 3.88 4.01 4.36 4.45 

Conciseness 4.05 3.76 4.20 3.90 

Consistency 3.91 4.10 4.32 4.40 

Reasoning Quality 3.25 3.80 4.18 4.36 

Terminology Appropriateness 3.78 3.95 4.30 4.41 

Granularity 3.42 3.63 4.15 4.32 

Neutrality 4.05 4.08 4.33 4.34 

Evidence Attribution 3.12 3.55 4.25 4.44 

Robustness 3.41 3.62 4.22 4.35 

Novelty 3.58 3.81 4.10 4.30 

Overall Avg. 3.63 3.78 4.23 4.33 



20 International Journal of Engineering and Technology Innovation, vol. x, no. x, 20xx, pp. xx-xx  

Table A4 Distribution of questions across Bloom’s levels (%) 

Bloom’s level Base claude (P1) 
Base claude 

(P2) 

Evidence grounded claude 

(P1) 

Evidence grounded claude 

(P2) 

Knowledge/Recall 42 31 28 25 

Comprehension 31 26 25 24 

Application 12 14 18 19 

Analysis 8 18 15 18 

Synthesis/Creation 3 7 9 12 

Evaluation 4 11 5 8 

 

Table A5 Distribution of question formats (%) 

Format Base claude (P1) Base claude (P2) Evidence grounded claude (P1) Evidence grounded claude (P2) 

Factual 50 40 34 30 

Conceptual 28 30 25 26 

Procedural 9 12 14 15 

Analytical 8 11 15 16 

Open-ended 5 7 12 13 

 


