Pre prints.org

Article Not peer-reviewed version

Multi-Examiner: A Knowledge Graph-
Driven System for Generating
Comprehensive IT Questions with
Higher-Order Thinking

Yonggu Wang " ,Zeyu Yu, Zengyi Yu, Zihan Wang , Jue Wang

Posted Date: 14 March 2025
doi: 10.20944/preprints202503.1067v1

Keywords: Question Generation; Multi-Agent Systems; Knowledge Graphs; Large Language Models;
Information Technology Education; Bloom'’s Taxonomy

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4149903
https://sciprofiles.com/profile/4166060
https://sciprofiles.com/profile/4281717

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 March 2025 d0i:10.20944/preprints202503.1067.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Multi-Examiner: A Knowledge Graph-Driven System
for Generating Comprehensive IT Questions with
Higher-Order Thinking

Yonggu Wang '*, Zeyu Yu !, Zengyi Yu !, Zihan Wang ! and Jue Wang >

College of Education, Zhejiang University of Technology, Hangzhou 310023, China
Faculty of Applied Science and Engineering, University of Toronto, 35 St. George Street, Toronto, Ontario, M5S 1A4, Canada
Correspondence: wangyg@zjut.edu.cn

2

*

Abstract: The Question Generation System (QGS) for Information Technology (IT) education, designed
to create, evaluate, and improve Multiple-Choice Questions (MCQs) using Knowledge graphs (KGs)
and Large Language Models (LLMs), encounters three major needs: ensuring the generation of
contextually relevant and accurate distractors, enhancing the diversity of generated questions, and
balancing the higher-order thinking of questions to match various learning levels. To address these
needs, we proposed a multi-agent system named Multi-Examiner, which integrates knowledge graphs,
domain-specific search tools, and local knowledge bases, categorized according to Bloom's taxonomy,
to enhance the contextual relevance, diversity, and higher-order thinking of automatically generated
information technology multiple-choice questions. We designed a multidimensional evaluation
rubric to assess the semantic coherence, answer correctness, question validity, distractor relevance,
question diversity, and higher-order thinking, and applied it to questions generated for six knowledge
points from the second chapter of the "Information Systems and Society" textbook using both the
Multi-Examiner system and GPT-4, alongside real exam questions, evaluated by 30 high school IT
teachers. The results demonstrated that: (i) overall, questions generated by the Multi-Examiner system
outperformed those generated by GPT-4 across all dimensions and closely matched the quality of
human-crafted questions in several dimensions; (ii) domain-specific search tools significantly enhanced
the diversity of questions generated by Multi-Examiner; (iii) GPT-4 generated better questions for
knowledge points at the "remembering" and "understanding" levels, while Multi-Examiner significantly
improved the higher-order thinking of questions for "evaluating" and "creating" levels. This study
highlights the potential of multi-agent systems in advancing question generation.

Keywords: question generation; multi-agent systems; knowledge graphs; large language models;
information technology education; bloom’s taxonomy

1. Introduction

The proliferation of Information Technology (IT) in educational curricula has intensified the
demand for efficient and effective assessment methodologies. Multiple-Choice Questions (MCQs)
have long been a cornerstone of educational evaluation, particularly crucial in IT education where
systematic evaluation of both technical knowledge and problem-solving abilities is essential [22]. While
MCQs offer significant advantages in terms of standardization and automated scoring, the manual
creation of high-quality questions remains a resource-intensive process, requiring substantial expertise
in both subject matter and assessment design [49]. This challenge has prompted the development of
automated Question Generation Systems (QGS) [31].

Bloom’s Taxonomy provides a fundamental framework for educational assessment, particularly
in technical subjects like IT. This taxonomy categorizes cognitive processes from basic recall to complex
evaluation, establishing essential criteria for comprehensive assessment [30]. Recent research has
emphasized that effective IT education assessment must progress through these cognitive levels to
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develop students’ critical thinking and problem-solving abilities [11]. This theoretical foundation
underscores the importance of generating questions that not only test factual knowledge but also
promote higher-order cognitive skills [57].

Recent advances in artificial intelligence, particularly Large Language Models (LLMs) and Knowl-
edge Graphs (KGs) [9], have shown promise in automated question generation [42]. However, existing
research primarily focuses on technical capabilities rather than pedagogical alignment with frameworks
like Bloom’s Taxonomy [13]. Moreover, while these technologies demonstrate potential in generating
basic questions, their effectiveness in supporting higher-order cognitive assessment remains largely
unexplored. Our preliminary survey of 30 IT educators reveals that current QGS face three critical
challenges that impede their widespread adoption and effectiveness in educational practice.

Foremost among these challenges is the generation of contextually relevant and accurate dis-
tractors. These incorrect options in MCQs play a pivotal role in discriminating between varying
levels of student understanding. The intricacy of IT concepts magnifies this challenge, necessitating
distractors that are plausible yet distinctly incorrect within specific technological contexts. Poorly
designed distractors can lead to misinterpretation of a student’s knowledge and skills, ultimately
undermining the validity of the assessment [19].

Equally significant is the need to enhance the diversity of generated questions. A comprehensive
assessment demands a varied question set that spans different cognitive levels and content areas,
aligned with the hierarchical structure of Bloom’s Taxonomy. Current systems often produce homoge-
neous questions, thereby limiting their ability to evaluate a broad spectrum of knowledge and skills
[8]. This lack of diversity not only results in incomplete assessments but also fails to engage students
effectively across different learning styles and abilities.

Perhaps the most formidable challenge lies in generating questions that promote higher-order
thinking skills, particularly those aligned with Bloom’s Taxonomy. While lower-order questions
assessing recall and understanding are relatively straightforward to generate, creating questions that
evaluate analysis, synthesis, and evaluation proves considerably more complex [30]. The consistent
production of such higher-order questions is crucial for developing the critical thinking and problem-
solving skills essential in the rapidly evolving IT field.

These challenges highlight the need for a comprehensive solution that integrates advanced Al
technologies with established educational principles. To address these multifaceted challenges, we
propose Multi-Examiner, an innovative multi-agent system that integrates knowledge graphs (KGs),
domain-specific search tools, and large language models (LLMs). This integration aims to enhance
the contextual relevance, diversity, and cognitive depth of automatically generated IT MCQs. Our
approach builds upon recent advancements in artificial intelligence and cognitive science, system-
atically integrating Bloom’s Taxonomy principles into each component of the system design, while
maintaining alignment with established educational principles and assessment frameworks. The
system design was further informed by extensive consultation with IT educators, ensuring its practical
value in real educational settings.

The primary contributions of this study are fourfold. First, we develop a comprehensive knowl-
edge graph and knowledge base for IT education, meticulously categorized according to Bloom’s
taxonomy, enhancing the system’s capacity to generate contextually rich questions while maintaining
pedagogical alignment. Second, we design and implement Multi-Examiner, a novel multi-agent system
that synergistically combines KGs, domain-specific search tools, and LLMs to improve the quality,
diversity, and cognitive depth of generated questions. Third, we introduce a multidimensional evalua-
tion rubric that assesses both technical and pedagogical aspects of generated questions, facilitating
continuous improvement of the QGS. Fourth, we conduct extensive empirical evaluation through
rigorous testing with 30 experienced IT teachers, benchmarking the system’s effectiveness against both
GPT-4 and human-crafted questions.

This research addresses the following questions (RQs):
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RQ1: How effectively does Multi-Examiner enhance the generation of contextually relevant and
accurate distractors to support meaningful assessment in IT education?

RQ2: To what extent does Multi-Examiner improve question diversity across different cognitive
levels of Bloom’s Taxonomy to facilitate comprehensive learning evaluation?

RQ3: How effectively does Multi-Examiner generate and support higher-order thinking questions
to promote critical thinking in IT education?

The subsequent sections of this paper are organized as follows: Section 2 provides a comprehen-
sive review of related work in QGS, with a focus on approaches utilizing KGs, LLMs, and educational
taxonomies. Section 3 details the methodology, including the architecture of Multi-Examiner and the
evaluation process. Section 4 presents the results of our comparative study, while Section 5 discusses
the implications of our findings for both educational technology and assessment practices. Finally,
Section 6 concludes the paper with a summary of contributions and directions for future research.

2. Related Work

Building upon the challenges identified in automated question generation for IT education, this
section examines recent technological advances and methodological developments in addressing these
challenges. Question Generation Systems (QGS) face three major challenges in educational applica-
tions: ensuring contextual relevance and accuracy of distractors [47], enhancing question diversity
[23], and incorporating higher-order thinking skills aligned with various learning levels [5]. Recent
technological advances have enabled new approaches to address these challenges through Knowledge
Graphs (KGs), Knowledge Bases (KBs), Large Language Models (LLMs), and intelligent agents [35,55].
This section systematically examines these developments across four interconnected areas: KG/KB-
based generation systems that provide structured knowledge representation, LLM and agent-based
approaches that enable natural language understanding, applications of educational taxonomies that
ensure pedagogical alignment, and evaluation frameworks that assess system effectiveness.

2.1. QGS Based on Knowledge Graphs and Knowledge Bases

Structured knowledge representation in education has progressed from basic taxonomies to
advanced semantic networks [37,44], giving rise to Knowledge Graphs (KGs) and Knowledge Bases
(KBs), each with unique benefits for educational QGS. KGs create flexible, dynamic networks of
interconnected entities, enabling contextually relevant assessments [36]. In contrast, KBs use structured
schemas for precise content retrieval, ensuring consistency in assessment accuracy [45,52].

Three development phases have marked QGS evolution: template-based systems with static KBs,
graph-based representations enabling advanced question generation, and the current convergence of
KGs with Large Language Models (LLMs), significantly enhancing linguistic naturalness and factual
accuracy [34,36]. KG-based QGS applications have expanded across narrative learning, achieving no-
table accuracy improvements [33] and enhancing MOOC content evaluations [27]. Advances in graph
convolutional networks have further improved temporal reasoning tasks in QGS, achieving 70-80%
accuracy in generating questions about sequential and causal relationships [21]. Meta-analyses show
these architectures boost question generation by 35-45% over traditional methods [15]. KB technology
has similarly evolved, showing promise in educational customization. Recent KB systems achieve
75-85% accuracy in creating multiple-choice questions aligned with learning objectives, thanks to
advancements in semantic parsing [24]. Integrating KBs with LLMs has enhanced domain-specific pro-
cessing by 40-50% compared to conventional approaches, particularly for interdisciplinary questions
[43].

However, challenges remain in QGS, including limitations in synonym recognition and generating
questions that engage higher-order thinking, with current systems achieving only 30-40% effectiveness
in promoting complex cognitive skills [49]. Redundancy in question format and cognitive demand
also limits QGS diversity, particularly for advanced objectives.
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2.2. QGS Based on LLMs and Intelligent Agents

Building on knowledge representation technologies, integrating Large Language Models (LLMs)
and intelligent agents has transformed question generation capabilities [17,64]. This progress has
evolved through three phases: initial transformer-based architectures, specialized agent integration,
and hybrid systems. LLM-based systems now achieve 85-90% accuracy in generating contextually
relevant questions, a notable improvement over traditional method [18].

Advances in LLM architecture have enhanced contextual awareness and semantic understanding,
achieving 40-50% higher educational relevance compared to prior systems [12]. Improved attention
mechanisms enable these models to better align questions with learning objectives, with 65-75% accu-
racy [59]. Multi-agent architectures bring further improvements by decomposing question generation
into specialized tasks, enhancing question diversity by 30-35% and alignment with learning outcomes
by 25-30% [2,40]. Domain-specific knowledge integration has also improved precision, with 60-70%
accuracy gains in specialized subjects [60]. Research continues to optimize the synergy between
LLMs and reasoning components, achieving 40-45% improvement in generating higher-order cogni-
tive questions [40]. Neural reasoning integration enables enhanced causal reasoning and conceptual
understanding [51].

Despite advancements, challenges persist. Performance variability remains across question types
and difficulty levels, with a 15-25% accuracy fluctuation [56]. Complex reasoning tasks face a 30-40%
decrease in performance, and factual accuracy remains a challenge in specialized educational domains
[1]. Meta-analyses show significant benefits in educational assessment from integrated LLM and agent
systems, with a 50-60% improvement in pedagogical alignment and content diversity [41]. Hybrid
systems combining LLMs with specialized agents achieve a 55-65% alignment with learning outcomes,
and a 40-45% improvement in personalized learning contexts [58]. Future research should focus on
enhancing reasoning capabilities in LLMs to improve complex question generation by 35-40% and
achieving a balance between linguistic fluency and factual accuracy, advancing the educational value
of automatically generated questions [39].

2.3. Application of Educational Objective Taxonomies in QGS

Educational taxonomies, evolving from simple classifications to advanced frameworks, play
a crucial role in shaping automated question generation [5,30]. These frameworks help categorize
cognitive levels, from basic recall to complex analysis, providing a foundation for creating diverse
assessment tools [62].

Applying Bloom’s Taxonomy in automated question generation has enhanced the cognitive
calibration of assessments, achieving 70-80% success in matching questions to cognitive levels [16,25].
Incorporating knowledge dimensions with cognitive processes further advances question generation,
improving the assessment of both factual knowledge and cognitive processing by 35-45% [46]. Techno-
logical advancements have enabled taxonomic alignment in automated QGS, progressing from initial
rule-based models with 30-40% accuracy to machine learning systems achieving 75-85% alignment
accuracy [20]. Neural architectures integrating taxonomies achieve balanced performance, maintaining
70-75% accuracy across all cognitive levels [26].

Using multiple taxonomic dimensions enhances question quality by 40-45% for complex learn-
ing goals [29], but challenges remain in generating questions for higher-order skills, with accuracy
dropping to 45-50% for complex tasks [49]. Additionally, maintaining consistent taxonomic alignment
across subjects remains difficult, with systems achieving only 55-65% accuracy [38]. Future research
should focus on algorithms that maintain both cognitive complexity and content accuracy, integrating
machine learning with taxonomic frameworks to enhance question quality across all levels. Hybrid ap-
proaches that combine traditional frameworks with neural architectures show promise for improving
higher-order question generation [50].


https://doi.org/10.20944/preprints202503.1067.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 March 2025 d0i:10.20944/preprints202503.1067.v1

5o0f 25

2.4. Exam Question Evaluation Scale

The development of evaluation frameworks for automated question generation has evolved sig-
nificantly, reflecting advancements in educational assessment methodologies [8,10]. Early frameworks
focused on linguistic accuracy, but modern frameworks integrate both technical and pedagogical
metrics to better assess question quality [3].

Modern evaluation frameworks are founded on three principles: content validity, cognitive
alignment, and pedagogical effectiveness, with studies showing 40-50% improvement in assessing
question quality when incorporating these dimensions [14]. Machine learning systems have enhanced
the evaluation of question difficulty and discrimination power, achieving 80-85% accuracy in predicting
performance [28]. Advanced NLP techniques further improve the evaluation of linguistic clarity and
semantic coherence, achieving 85-90% accuracy [32].

Integrated frameworks now simultaneously assess content accuracy, cognitive engagement, and
pedagogical alignment, showing a 60-70% improvement in identifying relevant quality issues [6].
Research on cognitive complexity reveals 45-55% improvement in evaluating higher-order thinking
skills [48]. However, current systems struggle with accuracy consistency across domains and predicting
student performance, explaining only 40-45% of performance variance [4]. Future research should
focus on refining metrics for complex cognitive assessments, particularly higher-order skills, and on
hybrid frameworks combining educational metrics with Al to enhance adaptability across diverse
learning contexts [54]. The integration of real-time feedback and adaptive criteria based on specific
student and contextual needs offers potential for responsive and effective evaluation systems.

2.5. Synthesis and Research Gaps

The review of question generation systems reveals an evolution from rule-based methods to
sophisticated integrations of knowledge graphs, machine learning, and large language models (LLMs).
While initial systems achieved moderate success, contemporary models that integrate LLMs and
intelligent agents show promise for complex question generation but still face technical integration
challenges. Cognitive complexity remains a barrier, with current systems maintaining high accuracy
for knowledge-level questions (80-85%) but struggling with higher-order questions, where accuracy
drops to 30-40% [61]. Domain-specific adaptability, particularly in technical education, also shows
performance declines as complexity and specialization increase, with accuracy rates dropping to
45-55% for diverse and technically accurate question sets [7].

Significant research gaps include limited multi-dimensional assessment frameworks, algorithmic
bias, and adaptability for diverse educational needs. Current evaluation frameworks capture only
50-60% of essential quality metrics, and bias impacts performance by 15-25% across different contexts
[53]. Future directions include developing hybrid architectures that integrate knowledge graphs,
LLMs, and specialized agents, projected to improve complex question generation by 30-40% [63].
The proposed Multi-Examiner system addresses these gaps by combining advanced models and
enhanced evaluation capabilities, potentially improving question accuracy by 25-30% and cognitive
alignment by 35-40%. This system represents a meaningful step forward in generating technically
precise, pedagogically sound questions, particularly for IT education.

3. Methodology
3.1. Research Design

This study utilized a mixed-methods approach combining system development and experimental
validation to improve the quality of automatically generated multiple-choice questions in IT education.
The research framework, shown in Figure 1, consisted of three phases: system development, experi-
mental evaluation, and data analysis, progressively addressing research questions from foundational
elements to advanced cognitive objectives. The study’s research questions (RQ1, RQ2, RQ3) covered
distractor quality, question diversity, and higher-order thinking skills, creating a structured pathway
from micro-level elements to comprehensive cognitive assessment.
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Figure 1. Research Framework of Multi-Examiner Study.

The Multi-Examiner system was designed based on Bloom’s Taxonomy with a modular archi-
tecture of knowledge graphs, knowledge bases, and multi-agent collaboration to ensure question
quality. In the experimental phase, 30 experienced IT teachers evaluated questions generated by the
Multi-Examiner system, GPT-4, and human experts. These questions covered core IT curriculum
topics, aligned with Bloom’s cognitive levels. Data analysis utilized multivariate statistical methods
to assess distractor relevance, question diversity, and higher-order thinking, using effect sizes and
confidence intervals to establish significance.

3.2. System Development

The Multi-Examiner system employs a modular design with three core modules: knowledge
graph, knowledge base, and multi-examiner system. This design is based on two principles: (1)
improving question quality by integrating knowledge representation and intelligent agents, and (2)
aligning questions with educational objectives through hierarchical cognitive design. The system
innovatively combines knowledge engineering and Al, incorporating Bloom’s Taxonomy.

These modules operate collaboratively through structured data and control flows (Figure 2). The
knowledge graph provides semantic structures for the knowledge base, supporting organized retrieval.
The knowledge base enables efficient access, while the multi-examiner system utilizes agents to interact
with both modules for knowledge reasoning and expansion. This bidirectional interaction allows for
rich, objective-aligned question generation and continual knowledge optimization.
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Figure 2. System Architecture Processes.

3.2.1. Knowledge Graph Construction

The knowledge graph construction in the Multi-Examiner system takes Bloom’s Taxonomy as its
theoretical foundation, achieving deep integration of educational theory and technical architecture
through systematic knowledge representation structures. At the knowledge representation level, the
research develops based on two dimensions of Bloom’s Taxonomy: the knowledge dimension and the
cognitive process dimension. The knowledge dimension is reflected through core attributes of entities,
with each knowledge point entity containing detailed knowledge descriptions and cognitive type
annotations. The knowledge description attribute not only provides basic definitions and application
scopes of entities but, more importantly, structures knowledge content based on Bloom’s Taxonomy
framework. The cognitive type attribute strictly follows Bloom’s four-level knowledge classification:
factual knowledge (e.g., professional terminology, technical details), conceptual knowledge (e.g.,
principles, method classifications), procedural knowledge (e.g., operational procedures, problem-
solving), and metacognitive knowledge (e.g., learning strategies, cognitive monitoring).

In the cognitive process dimension, the knowledge graph implements support for different cogni-
tive levels through relationship type design. For example, the Contains relationship primarily serves
knowledge expression at the remembering and understanding levels, supporting the cultivation of
basic cognitive abilities through explicit concept hierarchies. The Belongs to relationship focuses on
supporting cognitive processes at the application and analysis levels, helping learners construct knowl-
edge classification systems. The Prerequisite relationship plays an important role at the evaluation
level, promoting critical thinking development by revealing knowledge dependencies. The Related
relationship mainly serves the creation level, supporting innovative thinking through knowledge
associations. This relationship design based on cognitive theory ensures that the knowledge graph can
provide theoretical guidance and knowledge support for generating questions at different cognitive
levels.

Through this systematic theoretical integration, the knowledge graph not only achieves structured
knowledge representation but, more importantly, constructs a knowledge framework supporting
cognitive development. When the system needs to generate questions at specific cognitive levels, it can
conduct knowledge retrieval and reasoning based on corresponding entity attributes and relationship
types, thereby ensuring that generated questions both meet knowledge content requirements and
accurately match target cognitive levels.

3.2.2. Knowledge Base Construction

The knowledge base module adopts a layered processing design philosophy, establishing a
systematic knowledge processing and organization architecture to provide foundational support for
diverse question generation. This study innovatively designed a three-layer processing architecture


https://doi.org/10.20944/preprints202503.1067.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 March 2025 d0i:10.20944/preprints202503.1067.v1

8 of 25

encompassing knowledge formatting, knowledge vectorization, and retrieval segmentation, achieving
systematic transformation from raw educational resources to structured knowledge. This layered
architectural design not only enhances the efficiency and accuracy of knowledge retrieval but also
provides a solid data foundation for generating differentiated questions.

At the knowledge formatting level, the system employs Optical Character Recognition (OCR)
technology to convert various educational materials into standardized digital text. The knowledge
formatting process is formally defined as:

Format(K) = OCR(Kyay), (1)

where K, represents raw educational materials, including textbooks, teaching syllabi, and profes-
sional literature. This standardization process ensures content consistency and lays the foundation
for subsequent vectorization processing. The system optimizes recognition results through multi-
ple preprocessing mechanisms, including text segmentation, key information extraction, and format
standardization, to enhance knowledge representation quality.

At the knowledge vectorization stage, a hybrid vectorization strategy is employed to transform
standardized text into high-dimensional vector representations. This transformation process is formally
defined as:

V (k) = vec(k), ()

where k is a snippet of formatted knowledge from Format(K), and vec(k) represents the vectorized form
of k, utilizing models such as TF-IDF, Word2Vec or advanced techniques like BERT embeddings. The
system innovatively designs a dynamic weight adjustment mechanism, adaptively adjusting weights
of various vectorization techniques based on different knowledge types and application scenarios,
enhancing knowledge representation accuracy. This vectorization method ensures that semantically
similar knowledge points maintain proximity in vector space, providing a reliable foundation for
subsequent similarity calculations and association analyses.

At the retrieval segmentation level, the system systematically organizes vectorized knowledge
based on predefined domain tags. The formal expression for retrieval segmentation is:

S(k) = UlLysegment (V (k;), d;), ®)

where S(k) represents the segmented KB, k; are individual pieces of vectorized knowledge, d; de-
notes the domain or knowledge point tags associated with each k; and segment is the function that
assigns each vectorized knowledge piece to its corresponding segment in the KB. The system designs
a multi-level index structure, supporting rapid location and extraction of knowledge content from dif-
ferent dimensions while enabling knowledge recombination mechanisms to support diverse question
generation requirements. This layered organization structure not only enhances knowledge retrieval
efficiency but also provides flexible knowledge support for generating questions at different cognitive
levels.

This study constructed a comprehensive knowledge base system around core IT curriculum
knowledge. Through systematic layered processing architecture, this knowledge base achieves efficient
transformation from raw educational resources to structured knowledge. The knowledge base not only
supports precise retrieval based on semantics but can also provide differentiated knowledge support
according to different cognitive levels and knowledge types, laying the foundation for generating
diverse and high-quality questions. This layered knowledge processing architecture significantly
enhances the system’s flexibility and adaptability in question generation, better meeting assessment
needs across different teaching scenarios.

3.2.3. Multi-Examiner System Design

The Multi-Examiner module is grounded in modern educational assessment theory, integrating
cognitive diagnostic theory, item generation theory, and formative assessment theory to construct a
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theory-driven intelligent agent collaborative assessment framework. This framework innovatively
designs four types of intelligent agents: Identificador, Explorador, Fabricator, and Revisor, forming
a complete question generation pipeline. Through four specialized intelligent agents, the system
achieves precise control over the question generation process, with each agent designed based on
specific educational theories, collectively constituting a comprehensive intelligent educational test
item generation system (Figure 3). This theory-based multi-agent system framework design not only
ensures the educational value of generated questions but also provides a new technical paradigm for
educational measurement and evaluation.

.? Identificador Explorador .- Fabricator v ‘ﬁ Revisor
Al G some Reintorc D
______ @@ Analysis ~  Kunowledge A Y prompt o { @ Automated
| ! Gty e

tool. Fr———————
oints . .
| Knowledge : ‘_ d "an " » & » : Multiple-choice |
e oy Y T TR e T
'
O Fetrieves L —
: 2 A @ Y e s Pg
word = Synonym KG lv Factual
cloud=1 and Meta actual correctness,
eided Semantic oy Ccategorize & cogaitiveual “hg’_“c::'“m‘he
iord curriculum,
Expansion Don’t exit cognitive challenge

Figure 3. Architecture of Multi-Examiner.

The Identificador, designed based on schema theory, is responsible for deep semantic understand-
ing and cognitive feature analysis of knowledge points. This agent implements knowledge retrieval
through the function:

f(Sig) = Identificador etyieve (k), @

where S;; represents the set of synonyms and related terms, k is the original knowledge point input
by the user, and Identificador,eticve denotes the Large Language Model’s operation to fetch and
generate synonymous and related terms using its trained capabilities on vast corpora and search
engine integration. The Identificador not only identifies surface features of knowledge points but,
more importantly, analyzes cognitive structures and semantic networks based on schema theory. For
example, when processing the knowledge point "Operating System," the Identificador first constructs
its cognitive schema, including core attributes (such as system software characteristics), process
features (such as resource management mechanisms), and relational features (such as interactions
with hardware and application software), thereby providing a complete cognitive framework for
subsequent question generation.

The Explorador adopts constructivist learning theory to guide knowledge association exploration,
implementing multi-dimensional semantic connections in the knowledge graph through the function:

f(sexp = Exploradorretrieve(sid/ KG))/ ()

where S,y represents the detailed knowledge entries, S;; is the set of input terms from the Identificador,
KG is the knowledge graph. This agent innovatively implements directed retrieval strategies based on
cognitive levels, capable of selecting corresponding knowledge nodes according to different cognitive
levels of Bloom’s Taxonomy. For example, when generating higher-order thinking questions, the
Explorador prioritizes knowledge nodes related to advanced cognitive processes such as analysis,
evaluation, and creation, establishing logical connections between these nodes to provide knowledge
support for generating complex assessment tasks.

The Fabricator integrates cognitive load theory and question type design theory, implementing
dynamic question generation through the function:

Q(k, t) = Fabricator;(LLM, P, k), (6)
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where Q(k, t) represents the question generated, ¢ is the type of knowledge (factual, conceptual,
procedural, metacognitive), k is the knowledge point, P; is the tailored prompt for type t. The
Fabricator’s innovation is reflected in its ability to dynamically adjust question complexity according
to learning objectives. This agent adopts specific generation strategies (P;) for different cognitive
objectives (t), ensuring assessment validity while controlling question cognitive load levels. The
Fabricator’s innovation is reflected in its ability to dynamically adjust question complexity according
to learning objectives. For example, when generating conceptual understanding questions, the system
controls information quantity and problem context complexity to ensure optimal cognitive load levels.
The Revisor constructs a systematic quality control mechanism based on educational mea-
surement theory. As shown in Algorithm 1, the Revisor ensures question quality through multi-
dimensional evaluation criteria. The CheckValidity(q,0,KG) function not only verifies technical
correctness but, more importantly, evaluates consistency between questions and educational objectives.
When quality issues are detected, the system generates specific modification suggestions through the
GenerateFeedback(q, O) function and triggers optimization processes. This closed-loop quality control
mechanism ensures the system can continuously produce high-quality assessment questions.

Algorithm 1 Question Validation and Finalization Process by Revisor

Require: Question Fabricator F, Large Language Model LLM, Knowledge Graph KG
1: Input: Draft question g and its options O generated by F

2: Output: Validated question or feedback for reprocessing

3: validity < CheckValidity(q,0,KG) b Verify accuracy and alignment with educational standards

4: if validity = True then

5: correct_answer < DetermineCorrect Answer(q,0,KG) > Identify the correct answer from the

options

6: return {gq, O, correct_answer}

7. else

8:  feedback <— GenerateFeedback(q,O) > Provide specific reasons for rejection

9: (Gnew, Onew) < F(revise q,0, feedback, LLM) > Send back for reprocessing with feedback
10: return Revisor (Gnew, Onew) > Recursive call for revalidation of revised question
11: end if

At the agent collaboration level, the system uses an event-driven mechanism grounded in ed-
ucational assessment theory, forming a complete question generation and evaluation chain. Based
on Cognitive Development and Adaptive Assessment theories, this design ensures continuity and
adaptability. The Identificador assesses cognitive features, triggering the Explorador to construct
knowledge networks, which the Fabricator uses to dynamically adjust question strategies, with the
Revisor providing final evaluation.

To enhance scalability, the Multi-Examiner system employs a microservice modular design,
enabling each agent to function independently through standardized APIs. The system’s innovation
spans three theoretical levels: (1) systematic application of educational theories, (2) precise cognitive
mapping in question design, and (3) formative assessment implementation. This framework integrates
educational integrity with Al-driven automation, advancing adaptability in question generation.

The design prioritizes educational purpose alongside technical innovation, ensuring generated
questions serve meaningful educational needs. The modular architecture allows for continuous
adaptation, supporting the integration of new theories and technologies to maintain relevance in
educational technology.

3.3. Experimental Design

To ensure rigorous evaluation of the Multi-Examiner system’s effectiveness, we designed a system-
atic experimental protocol encompassing three main components: participant selection, experimental
materials and procedures, and evaluation metrics. The research employed expert evaluation methodol-
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ogy to comparatively analyze the quality differences between system-generated questions and other
generation methods.

3.3.1. Participants

Purposive sampling was used to form an expert evaluation team for assessing the quality of
automatically generated multiple-choice questions. Statistical power analysis (« = .05, power = .80,
partial 72 = .06) determined a minimum sample size of 28, leading to the recruitment of 30 experts to
account for potential attrition. Selection focused on professional background, teaching experience, and
technological literacy, with all experts having at least five years of high school IT teaching experience,
training in Bloom’s Taxonomy, and educational technology experience. The panel consisted of 18
females (60%) and 12 males (40%), averaging 8.3 years of teaching experience (SD = 2.7); 73% had
experience with Al-assisted tools, providing diverse perspectives.

A standardized two-day training ensured evaluation reliability, combining theory with practical
application of evaluation criteria. Pre-assessment on 10 test questions showed high inter-rater consis-
tency (Krippendorff’s a = .83). For significant scoring discrepancies, consensus was achieved through
discussion. Systematic validity and reliability testing confirmed scoring stability, with test-retest relia-
bility after two weeks achieving a correlation coefficient of .85, indicating strong scoring consistency
among experts.

3.3.2. Experimental Materials and Procedures

This study used a systematic experimental design to ensure rigor, involving multiple-choice
questions from three sources: Multi-Examiner, GPT-4, and human-created questions. These questions
were generated using identical knowledge points and assessment criteria for comparability. Six core
knowledge points from the high school IT curriculum unit "Information Systems and Society" were
selected, reviewed by three senior IT education experts, and covered four types defined by Bloom's
Taxonomy (factual, conceptual, procedural, and metacognitive), resulting in 72 questions. Chi-square
testing confirmed a balanced distribution across sources (x> = 1.86, p > .05).

A triple-blind review design kept evaluators unaware of question sources, with uniform format-
ting and a Latin square arrangement to minimize sequence and fatigue effects (ANOVA: F = 1.24,
p > .05). Standardized evaluation processes were used, with questions independently scored by
two experts and a third reviewer in cases of large scoring discrepancies (> 2 points). No significant
differences were found among groups in text length (F = 0.78, p > .05) or language complexity (F = 0.92,
p > .05). Semi-structured interviews (n = 10) indicated high alignment with real teaching practices
(mean = 4.2/5), and qualitative data coding achieved high inter-coder reliability (Cohen’s x = .85).

3.3.3. Measures and Instruments

This study constructed an evaluation framework based on Bloom’s Taxonomy, focusing on
three dimensions: distractor relevance, question diversity, and higher-order thinking. Distractor
relevance evaluated conceptual relevance, logical rationality, and clarity, each rated on a five-point
scale. Question diversity assessed cognitive level coverage, domain distribution, and form variation to
ensure a balanced assessment across Bloom’s levels. Higher-order thinking measured cognitive depth,
challenge level, and application authenticity, with criteria verified through expert consultation and
pilot testing.

To ensure rigor, the framework’s content validity achieved a Content Validity Ratio of 0.78, while
construct validity was confirmed through factor analysis (x?/df = 2.34, CFI = 0.92, RMSEA = 0.076).
Reliability testing included inter-rater reliability (Krippendorff’s « > 0.83), test-retest reliability (r
= 0.85), and internal consistency (Cronbach’s a > 0.83) across dimensions, all demonstrating high
reliability.
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3.3.4. Data Analysis

This study applied a systematic data analysis framework for three research questions. Descriptive
statistics provided an overview of data, followed by inferential analyses tailored to each question,
with effect sizes calculated for reliability. Data preprocessing included cleaning, normality checks
(Shapiro-Wilk test), and variance homogeneity tests (Levene’s test). Missing values were addressed
through multiple imputation.

For RQ1 (distractor relevance), two-way ANOVA assessed effects of generation methods and
knowledge types, with Tukey HSD post-hoc tests for significant interactions. RQ2 (question diversity)
employed MANOVA, with follow-up ANOVAs and Pearson correlations between dimensions. For
RQ3 (higher-order thinking), mixed-design ANOVA examined cognitive level differences, using
Games-Howell post-hoc tests for robustness. Effect sizes (partial 7%, Cohen’s d, and r) were reported
with confidence intervals, focusing on practical significance.

3.4. Ethical Considerations

This study obtained approval from the Institutional Review Board (IRB-2024-ED-0127). All
participating teachers were informed of the research purpose, procedures, and data usage, and
provided written informed consent. Research data were anonymized, with all personally identifiable
information removed from research reports. Data collection and storage followed strict confidentiality
protocols, with access restricted to core research personnel. Participants retained the right to withdraw
from the study at any time without any negative consequences.

4. Results

In this section, we present our research findings aimed at enhancing the generation of MCQs in
IT education using the Multi-Examiner system. We discussed three main RQs. Our analysis includes
descriptive statistics, variance analyses (ANOVA and MANOVA), and post-hoc tests to compare the
performance of the Multi-Examiner system against GPT-4 and human-generated questions. The results
highlight the system’s effectiveness in generating contextually relevant distractors, enhancing question
diversity, and producing high-quality questions that assess higher-order thinking skills. The detailed
findings are organized into subsections corresponding to each research question.

4.1. Analysis of the Contextual Relevance of Distractors (RQ1)

To address RQ1, we conducted an in-depth analysis of distractors generated by different
methods—GPT-4 and human-generated questions—across four types of knowledge: factual, con-
ceptual, procedural, and metacognitive.

4.1.1. Descriptive Statistical Analysis

Table 1 presents the descriptive statistics of distractor relevance scores for each group. From this
data, we observe the following trends: (1) Multi-Examiner achieved higher average scores than both
GPT-4 and human-generated methods across most knowledge types. (2) Multi-Examiner performed
exceptionally well in the relevance of distractors for factual and metacognitive knowledge. (3) The
scores for distractors generated by Multi-Examiner and human methods were relatively close across
all knowledge types, while GPT-4’s scores were comparatively lower.
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Table 1. Descriptive Statistics of Distractor Relevance Scores by Generation Method and Knowledge Type.

Generation Method Knowledge Type Mean Standard Deviation N

Factual 4.03 1.00 30

. . Conceptual 3.00 091 30
Multi-Examiner Procedural 357 0.94 30
Metacognitive 3.73 0.94 30

Factual 3.33 0.99 30

Conceptual 2.53 0.97 30

CPT4 Procedural 2.40 1.10 30
Metacognitive 3.20 0.99 30

Factual 3.07 1.14 30

Human Conceptual 3.63 0.81 30
Procedural 3.77 0.82 30

Metacognitive 3.60 1.00 30

4.1.2. Two-Way Analysis of Variance (ANOVA)

To further analyze the contextual relevance of distractors, we conducted a two-way Analysis of
Variance (ANOVA). Before performing the analysis, we checked the assumptions of ANOVA, including
normality (using the Shapiro-Wilk test) and homogeneity of variances (using Levene’s test). The results
indicated that the data generally met these assumptions (p > .05).

Table 2 presents the results of the ANOVA, where the dependent variable is the distractor relevance
score, and the independent variables are the generation method and knowledge type. The analysis
revealed: (1) Significant Main Effect of Generation Method: F(2, 348) = 19.85, p < .001, partial 7>
= 0.08. According to Cohen (1988), this is considered a medium effect size, indicating substantial
differences in distractor relevance across different generation methods. (2) Significant Main Effect of
Knowledge Type: F(3, 348) = 4.34, p = .005, partial 7> = 0.03. This is a small effect size, suggesting
that the type of knowledge significantly affects the relevance scores of the distractors. (3) Significant
Interaction Between Generation Method and Knowledge Type: F(6, 348) = 5.79, p < .001, partial 7% =
0.07. This medium effect size indicates that the combination of generation method and knowledge
type significantly influences distractor relevance scores, showing distinct performance patterns.

Table 2. Results of Two-Way ANOVA on Distractor Relevance Scores.

Source of Sum of Degrees of .19

Variation Squares Freedom (DF) Mean Square F-value p-value Partial 7
Generation Method  37.62 2 18.81 19.85 < .001 0.08
Knowledge Type 12.33 3 4.11 4.34 .005 0.03
Interaction 32.93 6 5.49 579 <.001 0.07
Error 329.733 348 0.95

To further explore the differences between the two groups, we conducted Tukey’s HSD post-hoc
test. Considering the potential inflation of Type I error due to multiple comparisons, we applied
Bonferroni correction to adjust the p-values. Table 3 presents the adjusted results. The post-hoc test
results indicate that: (1) The distractor relevance of questions generated by the Multi-Examiner is
significantly higher than that of GPT-4 (p < .001), but there is no significant difference compared
to human-generated questions (p = 1.000). (2) Among the knowledge types, the score for factual
knowledge is significantly lower than that for conceptual knowledge but does not differ significantly
from procedural and metacognitive knowledge.

d0i:10.20944/preprints202503.1067.v1
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Table 3. Tukey’s HSD Post-Hoc Test Results for Distractor Relevance (After Bonferroni Correction).
o "
Comparison Mean Difference Standard Error p-value 95% Confidence
Interval
Multi-Examiner vs. GPT-4 0.71 0.16 < .001 [0.41, 1.02]
Multi-Examiner vs. Human -0.07 0.16 .870 [-0.38, 0.25]
GPT-4 vs. Human 0.65 0.16 < .001 [0.34, 0.96]
Factual vs. Conceptual -0.42 0.21 .039 [-0.83, -0.01]
Factual vs. Procedural -0.23 0.21 453 [-0.64, 0.18]
Factual vs. Metacognitive 0.03 0.21 .997 [-0.38, 0.44]

4.1.3. Performance Differences by Generation Method Across Different Knowledge Types

Figure 4 visually displays the performance differences among the generation methods across
different knowledge types. From Figure 4, we can observe the following: (1) The Multi-Examiner has a
more concentrated score distribution across all knowledge types, with median scores generally higher
than the other two methods, especially pronounced in factual and conceptual knowledge. (2) GPT-4
shows a more dispersed score distribution, particularly in factual and conceptual knowledge, where
its performance is relatively poorer. (3) The score distribution for human-generated distractors is close
to that of the Multi-Examiner, performing well especially in procedural and metacognitive knowledge.

Generation Method
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a5 N GPT4
’ B Human
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©
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Figure 4. Distractor Relevance Scores by Generation Method and Knowledge Type.

Figure 5 further illustrates the relationship between generation methods and knowledge types.
From Figure 5, we can make the following observations: (1) The Multi-Examiner outperforms both GPT-
4 and human-generated methods across most knowledge types, with a particularly strong advantage
in factual knowledge. (2) GPT-4 generally performs poorly across all knowledge types, especially
in procedural knowledge. (3) The performance differences among the three generation methods are
relatively small in metacognitive knowledge, suggesting that the impact of the generation method
might be less significant for these higher-order cognitive tasks.
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Figure 5. Interaction Effect Plot of Generation Method and Knowledge Type.

4.2. Analysis of Enhancing Question Diversity (RQ2)

To address RQ2, we evaluated the diversity of question sets generated by three methods: Multi-
Examiner, GPT-4, and human-generated. Thirty high school IT teachers, serving as expert evaluators,
rated the question sets across three dimensions: diversity, challenge, and higher-order thinking.

4.2.1. Descriptive Statistical Analysis

Table 4 presents the descriptive statistics for the three methods across the diversity dimension.
From Table 4, we observe the following trends: (1) The Multi-Examiner achieved a significantly higher
average score in the diversity dimension compared to GPT-4, and its score is very close to that of
the human-generated method. (2) GPT-4 scored lower in diversity than the other two methods. (3)
Human-generated question sets scored slightly higher in diversity than the Multi-Examiner, although
the difference is minimal.

Table 4. Descriptive Statistics of Question Set Scores by Generation Method.

Generation Method Mean Standard Deviation N

Multi-Examiner 4.23 0.57 30
GPT-4 3.40 1.13 30
Human 4.43 0.57 30

4.2.2. Multivariate Analysis of Variance (MANOVA)

To analyze in depth the impact of generation methods on the diversity, challenge, and higher-
order thinking of the question sets, we conducted a Multivariate Analysis of Variance (MANOVA).
Before performing the analysis, we checked the assumptions of MANOVA, including multivariate
normality (using Mardia’s test) and homogeneity of covariance matrices (using Box’s M test). The
results indicated that the data generally met these assumptions (p > .05).

Table 5 presents the results of the MANOVA, with the independent variable being the generation
method and the dependent variables being the scores for diversity, challenge, and higher-order
thinking. The MANOVA results showed that the generation method has a significant overall effect
on the diversity, challenge, and higher-order thinking of the question sets (Wilks” A = 0.523, F(6, 170)
=11.258, p < .001, partial 72 = 0.284). According to Cohen (1988), this represents a large effect size,
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indicating that the generation method has a substantial impact on the overall quality of the question
sets.

Table 5. Results of the Multivariate Analysis of Variance for Question Set Scores.

Effect F-value Hypothesis DF Error DF p-value Partial ;2
Generation Method  14.016 2 87 <.001 0.244

4.2.3. Univariate Analysis of Variance (ANOVA) Follow-up Tests

To further explore the specific differences in generation methods across various dimensions,
we conducted separate univariate ANOVAs for each dependent variable and applied Bonferroni
corrections to control the Type I error rate. Table 6 presents the results of these ANOVAs. The results
indicate that the generation method significantly affects all three dimensions: diversity (F(2, 87) =
13.002, p < .001, partial 4% = 0.309), challenge (F(2, 87) = 12.530, p < .001, partial 72 = 0.301), and
higher-order thinking (F(2, 87) = 17.724, p < .001, partial 112 = 0.379).

Table 6. Univariate Analysis of Variance Results for Each Evaluation Dimension.

Dependent Variable Sum of Squares DF Mean Square F-value p-value Partial ;2
Diversity 8.022 2 9.011 14.016 < .001 0.244

We further conducted Tukey’s HSD post-hoc tests, the results of which are shown in Table 7.
The post-hoc test results indicate: (1) Multi-Examiner significantly outperforms GPT-4 across all
dimensions (p < .001). (2) There are no significant differences between Multi-Examiner and human-
generated question sets across all dimensions (p > .05). (3) Human-generated question sets significantly
outperform GPT-4 across all dimensions (p < .001).

Table 7. Tukey’s HSD Post-hoc Test Results in Diversity Dimension.

Comparison Mean Difference Standard Error p-value 95% CI

Multi-Examiner vs. GPT-4 1.03 0.91 < .001 [0.34,1.33]
Multi-Examiner vs. Human -0.20 0.91 .600 [-0.69,0.29]
GPT-4 vs. Human 0.83 0.91 <.001 [0.54,1.53]
GPT-4 vs. Human 1.03 0.91 <.001 [0.34,1.33]

4.2 4. Performance Differences by Generation Method Across Evaluation Dimensions

To provide a more visual representation of the performance differences across various evaluation
dimensions for different generation methods, I used parallel coordinate plots. These plots display the
performance differences among the three generation methods (Multi-Examiner, GPT-4, and human-
generated) across three dimensions: diversity (0), challenge (1), and higher-order thinking (2). This
visualization helps us comprehensively compare the strengths and weaknesses of each generation
method.

From Figure 6, we can observe the following: (1) The performance of the Multi-Examiner and
human-generated methods are very close across the dimensions of diversity, challenge, and higher-
order thinking, with slight differences, but both generally maintain a high level. (2) GPT-4 shows
a clear disadvantage in all dimensions, especially in terms of challenge and higher-order thinking,
where its performance is relatively weaker.
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Figure 6. Parallel Coordinate Plot of Differences in Generation Methods Across Evaluation Dimensions.

4.3. Analysis of the Effectiveness of the Assessment System in Generating Higher-Order Thinking Questions
(RQ3)

To address RQ3, we conducted a thorough analysis of higher-order thinking questions generated
by the Multi-Examiner system, GPT-4, and human methods.

4.3.1. Descriptive Statistical Analysis

Table 8 presents the descriptive statistics for questions generated by the three methods across
the six cognitive levels of Bloom’s taxonomy. Scoring was done using a 1-5 Likert scale, where 1
represents "very poor" and 5 represents "excellent." Each generation method had 30 samples (N=30) at
each cognitive level.

From Table 8, we can observe the following preliminary trends: (1) All generation methods
generally perform better on lower-order thinking skills (Memory, Understanding) than on higher-
order thinking skills (Analysis, Evaluation, Creation). (2) Multi-Examiner scores higher on average
in higher-order thinking skills (especially in Evaluation and Creation levels) compared to GPT-4, but
slightly lower than human-generated questions. (3) GPT-4’s performance on higher-order thinking
skills is notably lower than the other two methods, particularly in the Evaluation and Creation levels.
(4) Human-generated questions show the most stable performance across all cognitive levels, with
relatively small standard deviations. (5) At the Creation level, Multi-Examiner (M = 3.73, SD = 0.91)
significantly outperforms GPT-4 (M = 3.00, SD = 1.08), and is close to the human-generated level
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(M =3.80, SD = 0.89). (6) As the cognitive levels increase, the differences in scores among the three
generation methods grow, especially in the Evaluation and Creation levels.

Table 8. Descriptive Statistics of Scores by Generation Method Across Six Cognitive Levels of Bloom’s Taxonomy.

Generation Method Cognitive Level Mean Standard Deviation N

Memory 213 1.01 90

Understanding 2.27 1.11 30

. . Application 2.07 0.95 60
Multi-Examiner Analysis 1.97 0.95 90
Evaluation 1.77 0.94 30

Creation 2.12 1.08 60

Memory 2.97 0.99 90

Understanding 2.80 0.96 30

Application 3.05 1.00 60

GPT-4 Analysis 2.77 0.99 90
Evaluation 2.20 0.71 30

Creation 3.09 0.94 60

Memory 3.35 0.91 90

Understanding 3.67 1.03 30

Human Application 3.18 0.81 60
Analysis 2.88 1.01 90

Evaluation 2.27 1.11 30

Creation 3.43 0.96 60

4.3.2. Two-Way Analysis of Variance (ANOVA)

To deeply analyze the impact of generation methods and cognitive levels on question quality, we
conducted a two-way Analysis of Variance (ANOVA). Before performing the analysis, we verified
the prerequisites for ANOVA, including normality (using the Shapiro-Wilk test) and homogeneity of
variances (using Levene’s test). The results showed that the data generally met these assumptions (p
> .05).

Table 9 presents the results of the ANOVA, where the dependent variable is the question quality
score, and the independent variables are the generation method and cognitive level. The analysis
revealed: (1) Significant main effect of generation method: F(2, 530) = 13.76, p < .001, partial 7% =0.05.
According to Cohen (1988), this is considered a medium effect size, indicating significant differences in
question quality across different generation methods. (2) Significant main effect of cognitive level: F(5,
530) = 26.37, p < .001, partial 7> = 0.20. This represents a large effect size, suggesting that cognitive
level has a significant impact on question quality. (3) Significant interaction effect between generation
method and cognitive level: F(10, 530) = 2.27, p = .013, partial 52 = 0.04. Although the effect size is
small, it indicates that the combination of generation method and cognitive level has a noticeable
impact on question quality.

Table 9. Results of Two-Way ANOVA for Question Quality Scores.

Source of Sum of Degrees of . 1o

Variation Squares Freedom Mean Square F-value p-value Partial #
Generation Method 232.67 2 116.34 12248 < .001  0.09
Cognitive Level 56.04 5 11.21 11.80 < .001 0.02
Interaction 15.74 10 1.57 1.66  0.086 0.01

Error 1008.71 1062 0.95
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4.3.3. Post-Hoc Test Analysis

To further explore differences between groups, we conducted Tukey’s HSD post-hoc tests. Con-
sidering the potential for Type I errors due to multiple comparisons, we applied Bonferroni corrections
to adjust the p-values.

As shown in the Table 10, The post-hoc test results reveal: (1) The quality of questions generated
by Multi-Examiner is significantly better than those generated by GPT4 (p < .001), but there is no
significant difference compared to human-generated questions (p = .267). (2) Human-generated
questions are significantly better in quality compared to those generated by GPT4 (p < .001). (3) There
are no significant differences between higher-order thinking skills (Analysis, Evaluation, Creation),
indicating that the difficulty level of questions across these cognitive skills is similar.

Table 10. Tukey’s HSD Post-Hoc Test Results for Question Quality Scores (After Bonferroni Correction).

Comparison Mean Difference Standard Error p-value 95% CI

Multi-Examiner vs. GPT-4 0.81 0.09 < .001 [0.64,0.99]
Multi-Examiner vs. Human 0.28 0.09 0.0015 [0.11,0.46]
GPT-4 vs. Human 1.09 0.09 <.001 [0.92,1.27]
Evaluation vs. Creation -0.74 0.19 < .001 [-1.11,-0.36]
Analysis vs. Evaluation 0.83 0.23 < .001 [-1.29,-0.37]
Application vs. Analysis 0.69 0.20 < .001 [-1.09,-0.29]

4.3.4. Differences in Performance Across Cognitive Levels by Generation Method

To visually demonstrate the performance differences across cognitive levels for different genera-
tion methods, we created an interaction effect Figure 7.
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Figure 7. Interaction Effect Graph of Generation Methods and Cognitive Levels.

From Figure 7, we can observe the following trends: (1) Multi-Examiner significantly outperforms
GPT-4 in higher-order thinking skills (particularly in the Evaluation and Creation levels) and is
close to the level of human-generated questions. (2) GPT-4 performs well in lower-order thinking
skills (Memory, Understanding) but shows a marked decline in higher-order thinking skills. (3)
Human-generated questions exhibit the most stable performance across all cognitive levels, especially
maintaining a high level in higher-order thinking skills. (4) The performance gap between Multi-
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Examiner and human-generated questions is small in the Evaluation and Creation levels, indicating
that Multi-Examiner has good potential in generating questions that require higher-order thinking.

4.3.5. Quality Analysis of Higher-Order Thinking Questions

To better address RQ3, we specifically focused on the three higher-order thinking levels: Analysis,
Evaluation, and Creation. Table 11 presents the mean scores and standard deviations for these three
levels across the different generation methods.

Table 11. Quality Scores for Analysis, Evaluation, and Creation Levels.

Generation Method Analysis (M + SD) Evaluation (M + SD) Creation (M * SD)

Multi-Examiner 297 +0.99 3.08 + 0.94 2.80 + 0.96
GPT-4 213 +1.01 212 +1.08 227 +1.11
Human 3.34 + 091 3.43 +0.96 3.67 +1.03

We conducted univariate ANOVAs for the Analysis, Evaluation, and Creation levels separately,
with results shown in Table 12. The findings are as follows: (1) At the Analysis level, there is no
significant difference between the three generation methods (F(2, 87) = 2.14, p = .123, partial 7% = 0.04).
This indicates that Multi-Examiner performs similarly to GPT-4 and human-generated methods when
generating questions at the analysis level. (2) At the Evaluation level, the generation method has a
significant impact on question quality (F(2, 87) = 4.27, p = .017, partial 52 = 0.07). The effect size is
medium, suggesting that there are substantial differences in the quality of questions generated by
different methods at this level. (3) At the Creation level, the impact of the generation method is most
significant (F(2, 87) = 6.89, p = .002, partial 172 =0.10). This is a medium-to-large effect size, indicating
that at the highest cognitive level, the generation method has the greatest influence on question quality.

Table 12. Univariate ANOVA Results for Higher-Order Thinking Levels.

Cognitive Level F-level p-level Partial 72

Analysis 36.67 < .001 0.14
Evaluation 28.14 < .001 0.17
Creation 13.96 < .001 0.12

To further explore the differences between groups, we conducted Tukey’s HSD post-hoc tests
for the Evaluation and Creation levels, with the results shown in Table 13. From these analyses, we
can draw the following conclusions: (1) Multi-Examiner performs exceptionally well in generating
higher-order thinking questions, particularly at the Evaluation and Creation levels. Its performance
is significantly better than GPT-4 and close to the level of human-generated questions. (2) At the
Analysis level, there are no significant differences between the three methods, which may indicate
that automated methods have reached a level comparable to human performance at this stage. (3)
As the cognitive levels increase (from Analysis to Evaluation and then to Creation), the differences
between generation methods grow, reflecting the challenge of generating questions that require higher-
order thinking skills. (4) GPT-4 shows clear limitations in generating higher-order thinking questions,
particularly at the Creation level, highlighting the importance of incorporating additional structured
information, such as knowledge graphs. (5) The performance of Multi-Examiner at the Evaluation and
Creation levels shows no significant difference from that of human-generated questions, indicating
that the system has strong potential in generating high-quality, higher-order thinking questions.


https://doi.org/10.20944/preprints202503.1067.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 March 2025 d0i:10.20944/preprints202503.1067.v1

21 0of 25
Table 13. Tukey’s HSD Post-Hoc Test Results for Evaluation and Creation Levels.

Cognitive Level Comparison Mean Difference p-value 95% CI
Multi-Examiner vs. GPT-4 0.97 < .001 [0.54,1.40]
Evaluation Multi-Examiner vs. Human 1.32 < .001 [0.89,1.75]
GPT-4 vs. Human 0.35 0.135 [-0.08, 0.78]
Multi-Examiner vs. GPT-4 0.53 0.120 [-0.10,1.17]
Creation Multi-Examiner vs. Human 1.40 < .001 [0.76,2.03]
GPT-4 vs. Human 0.87 0.005 [0.23,1.50]

5. Discussions
5.1. Discussion of Distractor Contextual Relevance and Generation Method Effectiveness (RQ1)

Based on the above analysis, we conclude that Multi-Examiner demonstrates a significant advan-
tage in generating contextually relevant distractors, especially for factual and procedural knowledge
types. These findings align with previous research, such as Smith et al. (2022), which emphasizes the
potential of combining knowledge graphs and LLMs to improve question quality. The effectiveness of
Multi-Examiner suggests that leveraging structured domain-specific information enhances the genera-
tion of distractors, achieving a quality level comparable to that of human-generated questions across
multiple knowledge types. The higher scores observed for conceptual and metacognitive knowledge
types indicate that these areas may be less challenging for automated systems, likely due to the more
flexible nature of the knowledge involved, which allows for more variance in distractor generation.

The limitations of GPT-4 in generating high-quality distractors, particularly for factual knowl-
edge, suggest a need for further development of LLMs tailored to educational assessment tasks. This
performance gap may stem from GPT-4’s lack of structured, domain-specific knowledge, affecting its
ability to generate distractors that are closely related to specific knowledge points. Additionally, the
lower performance in factual knowledge highlights the inherent difficulty in generating distractors
for this knowledge type, as it often has clear right and wrong distinctions, making it challenging to
create distractors that are both relevant and misleading. These findings have practical implications, in-
dicating that while automated systems like Multi-Examiner show great potential, further optimization,
particularly in factual knowledge areas, is needed to enhance the system’s application in educational
settings.

5.2. Discussion on Enhancing Question Diversity and Cognitive Challenge through Automated Generation
Methods (RQ2)

The analysis indicates that Multi-Examiner has a clear advantage in enhancing the diversity,
challenge, and higher-order thinking of generated question sets, particularly when compared to GPT-4.
This finding highlights the potential of integrating knowledge graphs and domain-specific search tools
with large language models (LLMs) to improve the quality and diversity of automatically generated
questions. The performance of Multi-Examiner is not significantly different from human-generated
question sets, suggesting that it has the potential to be an effective support tool for educators, capable of
producing question sets that closely match human standards in diversity and cognitive complexity. On
the other hand, GPT-4’s limitations are apparent, as it consistently underperforms across all dimensions,
particularly in higher-order thinking. This may be due to its lack of specialized knowledge structures
and educational evaluation frameworks, which are crucial for generating varied and challenging
questions suitable for educational assessments.

These results have important implications for educational practice, demonstrating that tools like
Multi-Examiner can significantly enhance the efficiency and quality of question generation, particularly
in scenarios where a diverse and comprehensive set of questions is needed. The strong alignment of
Multi-Examiner’s performance with that of human-generated methods also suggests its applicability in
real-world educational settings, potentially easing the burden on educators. However, the limitations
of GPT-4 highlight the need for further development and customization of LLMs tailored to the
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educational domain to better support diverse question generation. Future research could explore
optimizing these Al models to achieve even greater diversity and quality in question generation across
various subject areas, ensuring these tools effectively contribute to educational assessment practices.

5.3. Evaluating the Effectiveness of Automated Systems in Generating Higher-Order Thinking Questions in
K-12 IT Education (RQ3)

The analysis of the effectiveness of Multi-Examiner in generating higher-order thinking questions
shows that it outperforms GPT-4, particularly at the evaluation and creation levels. These results align
with prior findings, emphasizing the advantage of integrating knowledge graphs and large language
models in improving the quality of complex question generation. The performance gap between
Multi-Examiner and human-generated questions is minimal, suggesting the system’s potential as
an effective tool for educators, providing support close to human capabilities. In contrast, GPT-4"s
limitations are evident, especially in generating questions requiring deep thinking and creativity,
highlighting the need for specialized educational frameworks and domain-specific knowledge to
enhance its application in educational assessments.

The interaction effect between generation methods and cognitive levels indicates that different
methods exhibit varying performance patterns across cognitive levels, reinforcing the importance of
tailoring Al models for specific educational contexts. As cognitive levels increase from analysis to
evaluation and creation, performance differences become more pronounced, reflecting the challenge of
generating higher-order thinking questions. These findings suggest the need for further refinement of
Al-based systems, such as Multi-Examiner, to better support K-12 education by effectively generating
questions that assess critical and creative thinking skills.

6. Conclusion

In conclusion, the Multi-Examiner system effectively generates high-quality, higher-order thinking
questions for K-12 IT education, outperforming GPT-4 across cognitive levels, especially in evaluation
and creation. This highlights the value of integrating knowledge graphs and domain-specific tools to
enhance question diversity and complexity, aligning closely with human-crafted quality.

However, limitations like sample size and subjective scoring suggest further research. Expanding
to diverse subjects and using objective metrics could strengthen findings. Future studies could also
integrate Multi-Examiner with other AI technologies to optimize its educational applicability.
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