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Abstract

The use of large language models (LLMs) in higher education has increased significantly,
and their potential for supporting teaching and learning is considerable. However, their
reliability and suitability for generating educational content remain open questions, partic-
ularly in technically demanding fields such as software engineering. This paper proposes
a multi-criteria framework for assessing the quality of educational content generated by
LLMs. The framework is based on existing open educational resource (OER) evaluation
rubrics, which were adapted for the assessment of LLM-generated content and further
refined based on expert evaluation and consultation. The evaluation was conducted by
a panel of eight experts from software engineering, artificial intelligence, education, and
related fields, using predefined criteria and pairwise comparisons. The framework was
applied to five contemporary LLMs across three selected topics in software engineering.
The relative importance of the criteria was determined using the Analytic Hierarchy Process
(AHP) and its fuzzy extension (FAHP). The results show that accuracy and professional
correctness represent the most important criterion, while visual presentation and language
style have the least influence. The findings also indicate differences across models and a
high level of agreement between AHP and FAHP rankings.

Keywords: large language models (LLMs); software engineering education; multi-criteria
decision making; AHP; fuzzy AHP; educational content evaluation; Al in education

MSC: 68T50; 03E72; 68T05

1. Introduction

The use of large language models (LLMs) in education has changed the way students
learn and the way instructors prepare teaching materials and organize courses [1,2]. LLMs
can help students gain a better understanding of the learning content, obtain additional
explanations, and access additional learning resources. However, their impact on learn-
ing is not straightforward. Empirical evidence shows that increased reliance on LLMs,
particularly for tasks requiring critical thinking such as code generation and debugging,
may negatively affect student performance, while their use for explanations appears more
beneficial, indicating a complex and non-trivial role in educational contexts [3].
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Therefore, it is necessary to examine whether the generated content is accurate, ped-
agogically useful, and aligned with course learning objectives [4]. The evaluation of
LLM-generated educational content represents a multi-dimensional problem that involves
multiple criteria such as accuracy, depth of explanation, pedagogical clarity, structure,
and practical applicability. These aspects cannot be adequately evaluated using single-
metric approaches. Therefore, the evaluation of LLM-generated educational content can be
formulated as a multi-criteria decision-making problem, where multiple criteria must be
considered simultaneously [5-7]. This is particularly important in disciplines that require
a high level of conceptual and practical precision, such as software engineering, which
combines theoretical foundations with practical application and requires students not only
to understand fundamental concepts but also to develop analytical thinking, design skills,
and professional judgment [8,9].

In the domain of multi-criteria decision-making (MCDM), various methods such as
TOPSIS, VIKOR, and ELECTRE have been widely applied. However, the selection of an
appropriate method depends on the nature of the decision problem and the characteristics
of the available data. In this study, the evaluation of large language models in software en-
gineering education is inherently expert-driven, qualitative, and hierarchically structured,
involving criteria whose relative importance is not known a priori and cannot be directly
quantified. Under such conditions, the Analytic Hierarchy Process (AHP) is particularly
suitable, as it enables the decomposition of complex decision problems into hierarchical
levels and supports intuitive pairwise comparisons for eliciting expert judgments. In addi-
tion, AHP provides a consistency verification mechanism (the consistency ratio), which is
essential when working with subjective inputs. While alternative methods such as TOPSIS
and VIKOR are effective in scenarios with well-defined quantitative performance indicators,
they typically rely on predefined weights or distance-based ranking approaches. In contrast,
the present study requires deriving criteria weights directly from expert knowledge, mak-
ing AHP a more appropriate choice. To further enhance the robustness of the evaluation,
the AHP framework is extended using fuzzy logic (FAHP), which allows the modeling
of uncertainty and vagueness inherent in human judgment. This extension contributes to
more balanced weight distributions and improves the interpretability and stability of the re-
sults without altering the overall ranking structure. Therefore, the selection of AHP /FAHP
in this study is based on its alignment with the problem structure and data characteristics,
ensuring a reliable and transparent evaluation framework. This “fit-for-purpose” selection
ensures that the chosen method is consistent with both the decision context and the type of
available information.

While research on Al in education has expanded in recent years, fewer studies have fo-
cused on systematic evaluations of LLM performance in actual educational contexts [10,11].
The current literature often deals with broader questions, such as: the general role of LLMs
in teaching and learning [12], issues of academic integrity related to Al-generated writ-
ing [13], and technical challenges such as hallucinations and factual reliability in generated
responses [14]. Only a small number of studies have applied structured, multi-criteria
methodological frameworks for evaluation of the pedagogical suitability of LLM responses
within specific educational domains [15]. While the Delphi-~AHP approach has been used
to evaluate Al systems in education [15], the problem of evaluating the quality of LLM-
generated educational content using fuzzy multi-criteria decision-making methods remains
insufficiently explored. Most existing research focuses on the general capabilities, oppor-
tunities, and risks of using LLMs in education rather than systematically evaluating the
quality of the learning content they generate [4,10,16]. In software engineering education,
the quality of educational content depends on several interrelated factors, such as content
accuracy, depth of explanation, clarity of presentation, content organization, and practical
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applicability [9,17]. Therefore, evaluating the quality of such content requires an approach
that can determine the relative importance of evaluation criteria and support decision-
making under uncertainty. Although some studies have proposed structured frameworks
for evaluating educational Al systems and LLMs, these approaches are typically based on
general performance metrics, rubric-based assessment, or expert judgment without a for-
mal multi-criteria mathematical model. In addition, uncertainty and subjectivity in expert
evaluations are often not explicitly modeled. Therefore, there is a need for a hierarchical
multi-criteria decision-making model that incorporates fuzzy logic to handle uncertainty
in the evaluation of LLM-generated educational content, particularly in technical and
engineering education [5,18].

Based on the identified research gap, this paper proposes a hierarchical multi-criteria
evaluation framework for assessing and ranking the quality of educational content gener-
ated by large language models. The proposed framework represents an integration and
application of established MCDM methods rather than the development of a fundamentally
new methodology. The proposed framework is based on the Analytic Hierarchy Process
(AHP) and its fuzzy extension (Fuzzy AHP), which enable the determination of criteria
weights and ranking of alternatives under uncertainty and subjective expert judgment.
Existing OER rubrics provide a solid basis for evaluating educational content, but they do
not fully capture the specific characteristics and challenges of content generated by LLMs,
especially in software engineering education. In this paper, existing OER rubrics were
used as a starting point, but their criteria were systematically adapted and extended to
reflect key aspects of LLM-generated content, including technical and professional correct-
ness, control of hallucinations, variability in the quality of explanations, and alignment
with curricula, academic and instructional requirements. Particular emphasis was also
placed on the integration of theory and practice, which is a key requirement in software
engineering education.

Accordingly, this study addresses the following research questions:

e  RQ1: Can the proposed framework support the evaluation of LLM-generated content
in software engineering education?

e  RQ2: Does a highly influencing sub-criteria exist?

e RQ3: Are there significant changes in the sub-factor rankings when the five values of
an optimism index in the FAHP method are used?

e RQ4: Can the combination of AHP and Fuzzy AHP provide a robust framework
for evaluating and ranking the quality of educational content generated by large
language models?

The evaluation framework developed in this study is based on existing open edu-
cational resource (OER) evaluation rubrics, primarily the Open Textbook rubric [19] and
the Achieve OER rubric [20,21], which define the quality of educational content through
dimensions such as content accuracy, coverage and depth, clarity of explanation, organiza-
tion, and structure, as well as linguistic and technical correctness. These dimensions are
adapted to the context of software engineering and the evaluation of content generated
by LLMs, resulting in a multi-criteria evaluation framework consisting of six groups of
criteria and twenty-five sub-criteria. The proposed framework is applied to the evaluation
of educational content generated by five contemporary large language models: GPT-4o,
Claude 3.5 Sonnet, Gemini 2.5 Flash, DeepSeek-R1 and Llama 3.3 70B. The models are used
to generate educational content for three selected topics in software engineering.

The increasing use of LLMs in education, together with concerns regarding the quality
and reliability of generated content, highlights the need for systematic evaluation ap-
proaches. To address the identified research gap, this study develops a structured and
integrated framework for evaluating the quality of educational content generated by LLMs,

https://doi.org/10.3390 /math14101637


https://doi.org/10.3390/math14101637

Mathematics 2026, 14, 1637

4 0f 33

particularly in the context of software engineering education. The main contribution lies
in the application of multi-criteria decision-making (MCDM) to educational content eval-
uation, enabling a systematic, transparent, and reproducible assessment process. The
proposed approach is based on the AHP and Fuzzy AHP methods, which support the
determination of criteria importance while accounting for uncertainty in expert judgments.
The main contributions of this paper are as follows:

e A multi-criteria evaluation framework for assessing the quality of educational content
generated by LLMs is developed.

e Evaluation criteria are defined and extended with new criteria specific to LLM-
generated educational content.

e The AHP and Fuzzy AHP methods are integrated to model uncertainty in expert-
based evaluation.

e  The stability of the ranking results is analyzed for different values of the optimism
index in the FAHP method.

e  An empirical comparison of five LLMs is conducted based on the defined evaluation
criteria.

This paper is organized as follows: Section 2 presents the literature review. Section 3
describes the proposed multi-criteria evaluation framework. Section 4 presents the results
of empirical evaluation, followed by a discussion. Finally, Section 5 concludes the paper
and outlines directions for future research.

2. Literature Review

LLMs are used in higher education as tools for learning support, explanation genera-
tion, writing assistance, programming help, and preparation of teaching materials [22,23].
The complexity of higher education environments has been highlighted in previous studies,
where multiple interacting factors influence educational processes and outcomes, indicating
the need for comprehensive and structured evaluation approaches [24].

Systematic literature reviews show that these systems are used for tutoring, content
generation, automated feedback, and research support, but that there are also concerns
related to the accuracy of information, academic integrity, and student over-reliance on
Al systems [22,25]. In addition, recent research shows that artificial intelligence can be
used to track student progress and generate personalized learning recommendations
using clustering and explainable artificial intelligence methods, providing transparent
and understandable feedback to students [26]. For this reason, the literature emphasizes
that LLMs should be used as supplementary learning tools rather than as a replacement
for teachers, with a focus on responsible and transparent use of artificial intelligence in
education [27].

Several studies have examined the use of LLMs as tutoring systems in software en-
gineering and programming education. For example, in [28], LLMs are used as tutors in
software engineering education where the results showed that the models can provide fast
support, explanations, and help during problem solving, especially when instructor sup-
port is limited. Another study developed a ChatGPT-based intelligent tutor for Python, and
an eleven-week experiment with an experimental and a control group showed improved
student engagement, higher task completion rates, and better results for students with
weaker prior knowledge [29]. In another study, an Al tutor for programming was devel-
oped and evaluated in a university course, and the results showed lower cognitive load and
improved learning outcomes, including better knowledge transfer [30]. However, these
studies also show that the usefulness of LLMs does not automatically mean better under-
standing of the learning material. An experimental study with students in an introductory
programming course showed that students using ChatGPT solved tasks faster, but this did
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not necessarily lead to better understanding of programming concepts [31]. Another study
evaluated worked examples generated by LLMs using expert evaluation criteria and found
that students considered these examples useful for revision and for overcoming difficulties
during problem solving, but that the explanations were often not detailed enough for
beginners [32]. These results are important because they show that speed, fluency, and
user satisfaction cannot be the only criteria for evaluating LLM-generated educational
content. On the other hand, the literature clearly identifies several risks. One of the most
important problems is hallucination in natural language generation, which refers to the
generation of incorrect information that may appear convincing [14]. In technical fields
such as software engineering, hallucinations and incorrect model outputs may lead to
misunderstanding of concepts and adoption of incorrect solutions, which has been reported
in several studies [14,28,31]. Another important problem is student over-reliance on Al sys-
tems, which can reduce student engagement in problem solving and negatively affect the
development of analytical thinking skills [31,33]. A third issue is academic integrity, since
LLMs can generate text and code that appear to be original student work, which makes
it more difficult to assess students” actual knowledge [13]. For this reason, the literature
emphasizes the need to develop methods for evaluating the quality of educational content
generated by LLM systems [25].

To evaluate the educational content generated by large language models (LLMs), it
is first necessary to define what high-quality educational content is. Research in the field
of open educational resources (OERs) provides useful quality rubrics for instructional
materials. These rubrics include criteria such as accuracy, clarity, organization, quality
of explanations, practice exercises, and opportunities for deeper learning [20,21]. These
criteria are important for evaluating LLM-generated content because they allow evaluation
not only of factual correctness but also of pedagogical value. In software engineering
education, these criteria also include technical accuracy, quality of examples, and the correct
connection between theory and practice, which is defined in the SWEBOK framework [9].
However, studies show that existing rubrics differ from each other and that many of them
are not empirically validated, which may affect the reliability of evaluation results [21].
Therefore, defining the evaluation criteria is not sufficient on its own, and it is also necessary
to define how these criteria will be evaluated. The evaluation of Al-generated educational
content is a complex task because quality does not depend only on accuracy, but also on
clarity of explanation, structure, and pedagogical value. For this reason, recent research has
explored the use of large language models as evaluators (LLM-as-a-judge). Studies have
shown that LLM-based evaluation can achieve a high correlation with human judgments
and can be used to evaluate explanation quality, coherence, and overall usefulness of
generated content [34]. However, other studies show that LLM evaluators may be biased
toward longer and more fluent answers, even when those answers are not necessarily
more accurate or pedagogically better [35]. In addition to these biases, the reliability of
LLM-based evaluation can vary depending on the evaluation criteria, prompt design, and
model configuration. Lower agreement among human evaluators is often associated with
reduced consistency in LLM assessments, indicating sensitivity to ambiguous evaluation
tasks. Therefore, in educational contexts, a structured evaluation approach is necessary to
ensure more stable and reliable results [36].

This shows that LLM-based evaluation is useful, but it still requires clearly defined
evaluation criteria in educational contexts. For this reason, recent studies propose multi-
dimensional evaluation of LLM outputs, where multiple quality dimensions such as accu-
racy, robustness, bias, efficiency, and usefulness are evaluated [5]. In educational contexts,
evaluation is often based on expert judgment or rubric-based assessment, where criteria
such as clarity of explanation, structure, and pedagogical value are considered [32]. In [32],
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worked examples generated by LLMs were evaluated by experts using criteria such as clar-
ity, structure, and pedagogical usefulness. Other studies show that LLMs can also be used
for automatic grading of programming assignments, but the reliability of grading depends
on clearly defined evaluation criteria [15]. At the same time, rubric-guided approaches
have been shown to improve consistency and transparency in LLM-based evaluation by
structuring the assessment process through explicitly defined criteria. However, differences
in scoring and limited agreement between evaluators still remain, indicating that additional
methodological support is needed for reliable evaluation [37].

Since the quality of educational content depends on multiple criteria that may have
different levels of importance, this problem can be formulated as a multi-criteria decision-
making problem. Traditional evaluation approaches are usually based on single metrics
or single evaluation methods, which are not sufficient for evaluating educational content
because educational quality depends on multiple criteria. Therefore, the evaluation of
LLM-generated educational content should be treated as a multi-criteria decision-making
problem rather than a single-metric evaluation problem. Multi-criteria decision-making
methods allow the evaluation of alternatives based on multiple criteria and the determi-
nation of the relative importance of each criterion. Recent studies have demonstrated the
effectiveness of MCDM approaches in evaluating LLMs by enabling structured, multi-
criteria assessment and incorporating expert judgment. In particular, the use of hesitant
Fuzzy AHP allows for handling uncertainty in expert evaluations and for determining the
relative importance of evaluation criteria. Such approaches have shown that trustworthi-
ness assessment of LLMs requires the integration of multiple dimensions, including fairness,
robustness, integrity, explainability, and safety, while also providing interpretable rankings
of alternative models [38]. Similarly, Fuzzy AHP-based frameworks have been developed
to define and rank evaluation criteria in domain-specific contexts such as healthcare, high-
lighting the importance of systematic criteria structuring [39]. In addition, neutrosophic
MCDM approaches, namely ARAS, have been applied to decision-making problems under
uncertainty, showing strong capability in dealing with incomplete and imprecise informa-
tion [40]. These findings confirm the suitability of MCDM methods for complex evaluation
tasks such as assessing LLM-generated content.

One of the most commonly used multi-criteria decision-making methods is the An-
alytic Hierarchy Process (AHP), which is used to determine criteria weights and rank
alternatives based on expert judgment [41]. The AHP method has been widely used in
education and educational system evaluation, teaching quality assessment, and the selec-
tion of educational technologies, where multiple criteria such as content quality, usability,
interaction, and system reliability must be considered [7,42,43]. In the context of higher
education, recent studies have applied hybrid MCDM models to evaluate learning man-
agement systems, combining structured criteria weighting and value-based aggregation to
support transparent and systematic decision-making [43]. However, classical AHP requires
precise numerical judgments, which can be difficult when evaluation is based on subjective
expert opinions. For this reason, Fuzzy AHP was developed, which uses fuzzy numbers
to model uncertainty and imprecision in expert judgments [44]. Recent studies show that
AHP can be used to evaluate Al-based educational systems, where the goal is to evaluate
the system as an educational tool using multiple criteria such as usability, reliability, inter-
action, and pedagogical value [15]. In these studies, the focus is on system performance
and functionality. However, in the case of large language models, an additional problem
appears, which is the evaluation of the quality of the educational content generated by the
system, rather than the evaluation of the system itself. The quality of generated educational
content depends on criteria such as accuracy, clarity of explanation, structure, pedagogical
value, and quality of examples, which makes this a multi-criteria evaluation problem.
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Existing studies typically use traditional evaluation methods, single metrics, expert
judgment, or rubric-based approaches, but these approaches usually evaluate only one
aspect of quality and do not provide a comprehensive evaluation framework. In particular,
there is a lack of multi-criteria evaluation models for assessing the quality of LLM-generated
educational content in software engineering education. Therefore, there is a need for a
structured multi-criteria evaluation model that can consider multiple quality criteria and
determine their relative importance when evaluating LLM-generated educational content.
To address this problem, this study proposes a multi-criteria evaluation model based
on the Analytic Hierarchy Process (AHP) and Fuzzy AHP methods for evaluating the
quality of LLM-generated educational content in software engineering education. In
particular, there is a lack of studies that combine hierarchical multi-criteria decision-making
models and fuzzy logic for evaluating the quality of LLM-generated educational content in
technical education.

3. Multi-Criteria Evaluation Framework

In this paper, we propose a structured multi-criteria evaluation framework for assess-
ing the quality of educational content generated by LLMs in software engineering. The
proposed framework consists of several phases, as shown in Figure 1. The process begins
with the definition of the course context and the selection of evaluation topics, ensuring
alignment with learning outcomes and different cognitive levels. Standardized system and
user prompts are then designed so that all models generate content in a comparable format.
The selected large language models generate educational content for the predefined topics,
which is then evaluated by experts using a predefined set of criteria and sub-criteria. In
the final phase, multi-criteria decision-making (MCDM) methods, namely the Analytic
Hierarchy Process (AHP) and Fuzzy AHP (FAHP), are applied to determine the criteria
weights and to rank the evaluated models. The AHP method was selected because it
enables the hierarchical structuring of evaluation criteria and determination of criteria
weights based on expert judgments, while Fuzzy AHP was used to model uncertainty and
imprecision in expert evaluations.

Educational design ™ | Course &_Toplc F Imput
Selection
Prompt design Prompt F Standardization

| Standardization

v

[N | LLM Content | [
Generation S

Y

| Expert |
Evaluation

!

MCDM analysis b 1 AHP / FAHP Decision model ™

|

[nN | Results & |
Analysis

Content generation

Expert evaluation B Evaluation )

Results Ranking N

Figure 1. Research framework for the multi-criteria evaluation of LLM-generated educational content
in software engineering education.

The framework is standardized so that it can be applied not only to software engineer-
ing courses, but also to other educational domains where LLMs are used for generating
educational content. The following sections describe each phase of the framework in detail.
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3.1. Course Context and Topic Selection

As the evaluation context, the undergraduate course SE201 Introduction to Software
Engineering from the Faculty of Information Technology, Belgrade Metropolitan University
was used. The course was designed following a competence-based and hybrid personalized
learning approach supported by generative Al [45], which integrates competence develop-
ment, personalized learning, and the use of LLMs as learning support tools. This provided
a realistic educational context for evaluating LLM-generated instructional content. The
course covers key areas of software engineering, including requirements analysis, software
architecture, testing, and quality assurance, which is consistent with the standard software
engineering literature and curricula [8,9].

The selection of topics was conducted based on three defined criteria: (1) alignment
with the learning outcomes and competencies of the course, (2) sufficient technical complex-
ity to allow differences in the quality of model responses to be observed, and (3) coverage
of different cognitive levels according to the revised Bloom'’s taxonomy. The goal of topic
selection was to include different areas of software engineering and different levels of com-
plexity in order to enable a realistic evaluation of the models’ ability to generate educational
content. Three topics were selected: microservices architecture, requirements analysis
and specification, and software testing with a test-driven development approach in a
DevOps environment.

The cognitive levels of the selected topics were determined according to the revised
Bloom’s taxonomy of educational objectives [46], which includes the levels of understand-
ing, application, analysis, evaluation, and synthesis. This ensured that the evaluation
covered different levels of cognitive complexity and different types of tasks. An overview
of the selected topics, their connection to course competencies, their cognitive levels, and
their role in the evaluation process is presented in Table 1.

Table 1. Summary of evaluation topics, competency alignment and selection rationale.

Cognitive Level

Topic Compete.ncy (Bloom’s Differentiating Role in Evaluation
Domain Value
Taxonomy)
Evaluation of ability
. . SWE-DES-03 - Trade—.off to explain
Microservices . Analysis & reasoning; architectural concepts,
T1 . Architectural . L !
Architecture : Evaluation hallucination compare architectural
Design . .
risk styles and discuss
trade-offs
Theorv and Evaluation of
Requirements SWEF-REQ . oty understanding of key
. . Comprehension  practice bridge; 3
T2 Analysis & Requirements .. . concepts, terminology
o . & Application terminology o
Specification Analysis L. and ability to connect
precision .
theory and practice
Evaluation of ability
Software Testing SWE-VAV-03 Synthesis Multl—cor}cept to integrate multiple
T3 Testin (Integration) integration; concepts such as
TDD in DevOps & & practical depth testing levels, TDD
and DevOps practices

Table 1 presents the selected topics, the software engineering areas they cover, their
cognitive levels according to the revised Bloom’s taxonomy, and their role in the evaluation
process. Each topic corresponds to a different area of software engineering and a different
level of cognitive complexity. The microservices architecture topic focuses on analysis
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and evaluation of architectural solutions and comparison of different approaches. The
requirements analysis and specification topic focuses on understanding and applying key
concepts and terminology. The software testing and TDD topic requires the synthesis and
integration of knowledge from multiple software engineering areas and represents the
highest cognitive level among the selected topics. This structure ensures that the evalua-
tion covers different cognitive levels, which increases the relevance and reliability of the
research results.

3.2. Prompt Design

For the purposes of this study, a predefined system prompt was used to assign all
models the role of a university lecturer in the field of software engineering. The system
prompt defined the structure of the response and the way the content should be presented,
so that all models would generate content in the same format, which enabled comparability
of the results. The system prompt required that the responses be organized as a structured
lecture and include the following sections: introduction, explanation of key concepts,
visualization of relevant parts of the content, overview of advantages and disadvantages,
a practical example, a code example where appropriate, and a short summary. In this
way, all models generated content with a similar structure, which enabled a more reliable
evaluation of the quality of the generated educational material.

In addition to the system prompt, three user prompts were used, corresponding to the
selected topics in the field of software engineering. The following prompts were used:

e  Prompt 1—Microservices Architecture: “Create a structured lecture on the microser-
vices architectural style: its key characteristics, advantages, and disadvantages com-
pared to monolithic architecture, with emphasis on scalability and maintainability.
Include architecture diagrams and practical examples”.

e  Prompt 2—Requirements Analysis and Specification: “Create a structured lecture
on requirements analysis and specification in software engineering: distinguish be-
tween functional and non-functional requirements, describe elicitation techniques,
and explain how user stories are used in agile development. Include process diagrams
and examples”.

e  Prompt 3—Software Testing Techniques and TDD in DevOps: “Create a structured
lecture on software testing techniques: unit, integration, system, and acceptance
testing. Explain TDD and how automated testing supports DevOps and CI/CD
pipelines. Include flow diagrams and code examples”.

The same system prompt and the same user prompts were used for all evaluated LLM
models. No additional instructions or additional context were provided. In this way, a
realistic scenario was simulated in which a student uses a LLM as a general learning tool
without additional model configuration.

3.3. Selection of Large Language Models for Evaluation

The selection of LLMs included in the evaluation was an important methodological
step in order to ensure comparability of the results and the possibility of generalizing the
research findings. The models were selected based on their presence in relevant research
and their use in education, the representativeness of different types of models in the
current LLM ecosystem, and a high level of performance that allows for meaningful multi-
criteria evaluation.

Five models representing different approaches to the development and use of LLMs
were selected in this study: GPT-40 (M1), Claude 3.5 Sonnet (M2), Gemini 2.5 Flash (M3),
DeepSeek-R1 (M4) and Llama 3.3 70B (M5). The selected models include proprietary
models available via API (M1, M2, and M3), an open-source model (M4), and an open-
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weight model that can be run locally (M5). This selection allows the comparison of models
that differ in terms of access, availability, local deployment options, and data protection
considerations in educational settings.

Some models that appear in recent LLM research were not included in this evalu-
ation. Older-generation models and lower-performance models were excluded because
the performance differences would be too large and would reduce the relevance of the
multi-criteria evaluation. In addition, model variants optimized for lower cost or lower
resource usage were not included, since the goal of this study was not to compare models
from different performance classes, but to compare modern high-performance models in
the context of generating educational content.

3.4. Definition of Evaluation Criteria and Expert Panel

The evaluation framework used in this study is based on established open educational
resource (OER) evaluation rubrics, primarily the Open Textbook rubric and the Achieve
OER rubric [20,21]. These rubrics define the quality of educational materials through di-
mensions such as content accuracy, comprehensiveness and depth of explanation, clarity of
presentation, organization and structure, quality of presentation, and language correctness,
as well as the presence of examples and elements that support the learning process. For
this reason, they provide an appropriate foundation for evaluating educational content
generated by large language models. The Open Textbook rubric was used to define criteria
related to content quality, such as accuracy, depth and coverage, clarity of text, organization
and structure of content, visual and structural presentation, and language quality. The
Achieve OER rubric was used to define criteria related to the pedagogical value of the
material, particularly in the areas of examples, practical application, and the connection
between theory and practice. The criteria derived from the OER rubrics (Open Textbook
and Achieve OER) were adapted and extended, and further operationalized through a set of
sub-criteria, to capture the specific characteristics of LLM-generated content. The accuracy
dimension was refined to explicitly account for technical and professional correctness, as
well as the presence of hallucinations. Criteria related to the depth, clarity, and structure
of explanations were further developed to reflect variability in model responses. In ad-
dition, criteria addressing examples, practical applicability, and the integration of theory
and practice were expanded in line with the requirements of software engineering as an
applied discipline.

Since the focus of this study is the evaluation of content generated by large language
models in the field of software engineering, the existing OER rubrics were adapted to
reflect the specific characteristics of this domain and the nature of Al-generated content.
In particular, the applied nature of software engineering was taken into account, where
the quality of instructional material depends not only on the accuracy and clarity of ex-
planations, but also on the presence of practical examples, real-world scenarios, diagrams,
and code samples. Based on the OER rubrics and the specific requirements of software
engineering education, six main groups of evaluation criteria were defined: accuracy and
professional correctness (A), depth and coverage of content (D), examples and practical ap-
plication (E), pedagogical clarity and didactic quality (P), visual and structural presentation
(V), and language style and academic tone (L). The criteria of accuracy and professional
correctness, depth and coverage, pedagogical clarity, visual and structural presentation,
and language style are based on the Open Textbook rubric, while the criterion of examples
and practical application is primarily based on the Achieve OER rubric and was further
developed due to the applied nature of software engineering. The criterion of accuracy and
professional correctness was further extended to address issues specific to large language
models, particularly the problem of hallucinations, i.e., the generation of plausible but
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incorrect information. Therefore, in this study, accuracy is considered not only as factual
correctness, but also as the technical and professional correctness of the content.

The definition of sub-criteria was based on the literature review presented in Section 2
and further refined through expert consultation. The debate and consultation among eight
experts from the areas of education, artificial intelligence, software engineering, pedagogy,
and mathematics led to the selection of 25 sub-criteria, classified into the six defined criteria
groups. The experts were selected to include different professional backgrounds and
perspectives from academia, industry, and the public sector. All participants declared any
potential conflicts of interest before taking part in the study. Basic information about the
experts involved in the evaluation process is presented in Table 2.

Table 2. The basic information on the experts.

ID Area of Expertise Years of Experience Institution/Organization
Expert 1 Software engineering 9 Faculty of Electronic Engineering
Expert 2 Software ensimeering and 5 Faculty of Information Technology

education
Expert 3 Software engineering 8 Faculty of Information Technology
Expert 4 Artificial intelligence 13 Faculty of El?ctronlc Engineering

and private company
Expert 5 Softw.a.re. CHSIEETNgG and 18 IT sector
artificial intelligence

Expert 6 Informatics and pedagogy 6 Faculty of Education
Expert 7 Software ehgineering and 15 Faculty of Information Technology

education
Expert 8 Applied mathematics 16 Faculty of Science and Mathematics

Experts were selected based on their expertise and professional or academic education
and experience in relevant fields. A minimum of five years of experience was consid-
ered as a baseline criteria. The panel was composed to ensure a balance between theory,
pedagogical and practical perspectives.

The selection of sub-criteria was conducted through several rounds of expert con-
sultation. During this process, experts evaluated the importance of each sub-criterion
using predefined factors such as its relevance to the educational process, measurability,
and suitability for the educational context. Based on expert agreement and analysis, the
most relevant sub-criteria were selected and organized into six criteria groups to form a
structured evaluation framework.

Each sub-criterion is defined through qualitative evaluation levels, which represent an
evaluation scale used by experts during the assessment process. The defined criteria groups
and corresponding sub-criteria used in the evaluation process are presented in Figure 2.

Each sub-criterion was assigned to a corresponding evaluation dimension and evalu-
ated according to its contribution to instructional quality. All sub-criteria in this study are
defined as benefit-type criteria, meaning that higher values correspond to a higher quality
of LLM-generated educational content. This assumption is consistent with the AHP and
FAHP frameworks, in which criteria are evaluated according to their relative contribution
to the overall evaluation goal.

In the evaluation phase, experts assessed each generated response by selecting the
single sub-criterion level that best described the quality of the content within each main
criterion group. For each topic and each model, all experts evaluated the same gen-
erated output, which ensured the consistency and comparability of judgments across
alternatives. The resulting expert selections were then used in combination with the AHP
and FAHP-derived weights to calculate the final ranking of models using the formula:
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%Zi'(:l m;. Each LLM generated one response for each of the three selected topics using the
same predefined system and user prompts, resulting in a total of 15 generated responses
(3 topics x 5 models). In the criteria weighting phase, individual expert pairwise com-
parison matrices were aggregated into a group decision matrix using the arithmetic mean.
The aggregated matrices were then used to compute criteria weights in both the AHP and
FAHP methods.

e A1 The content is completely accurate. There are no conceptual or technical errors. The
termmology is precnse and s(andard There are no h hallucmatlons or mlsleadmg clalms

A2 | The content is highly accurate wnth minor inaccuracies. They do not significantly

ff f th
Accuracy and affect understanding of the topic
pl’OfESSiOﬂai A3 | Moderate level of content accuracy with noticeable errors that partially impair
correctness (A) | | understanding

o A4 Very low level of accuracy; multiple serious errors and incorrect claims
| significantly affect understanding

H‘ A5 Very low level of accuracy; the content is predominantly inaccurate or incorrect

‘ D1 Comprehensive and detailed coverage of the topic. An academic level of presentation
is present. Advanced aspects are also addressed.

Depth and (_.\ D2 High level of content depth and coverage; good coverage of key aspects with limited
elaboration of advanced components
coverage of L -
the content (D) ‘[ D3 Moderate level of content depth and coverage; core aspects are addressed

but with limited depth and detail.

[ D4 Very low level of content depth and coverage; the content is minimal or trivial

The examples are relevant, realistic, and clearly linked to the theory. If code is included,
itis readable and correct.

The examples are appropriate but limited in scope.

Examples and

Examples are of moderate quality; a small number of examples or insufficiently

practical developed examples that partially support understanding

application (E)

The examples weakly illustrate theoretical concepts and provide limited support
for understanding.

Very low quality of examples; no useful examples are provided.

Exceptionally clear and logically structured presentation. Well suited for independent learning.

= Mostly clear, with minor didactic shortcomings.
Pedagogical
clarity and Moderately structured content with occasional disruptions in pedagogical flow

didactic quality (P) Understandable with increased effort from the reader.

Very low pedagogical and didactical clarity.

(S L B T
— . (—' \"h | Clear and relevant visual elements. The structure significantly facilitates understanding.

Visual and
™ structural —e| V2 Basic but acceptable structure.
presentation (V)
\ _ s V3 Very low organization of content with no visual support.

L1 Consistent academic style. Linguistically and grammatically flawless text.
Language style and

academic tone (L) L2 A mixture of academic and informal style.

L3 Very low level of academic style.

Figure 2. The adopted criteria and sub-criteria for assessing the quality of LLM-generated educational
content.

After deriving the criterion weights using the AHP and Fuzzy AHP (FAHP) proce-
dures, the final scoring and ranking of alternatives (large language models) are performed.
The evaluation framework consists of six main groups of criteria with each group including
several sub-criteria, for which normalized weights w} are obtained using the AHP/FAHP
methodology. In the evaluation phase, experts assess the performance of each alternative
with respect to each sub-criterion by assigning qualitative levels (e.g., A1-A5, D1-D4,
E1-E5, P1-P5, V1-V3, and L1-L3). These levels indicate the degree to which a given large
language model satisfies the corresponding evaluation requirement. To enable quantitative
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analysis, the qualitative levels are mapped onto a numerical scale. In this study, a linear
transformation is applied, where the lowest level corresponds to the minimum value and
the highest level corresponds to the maximum value. This mapping ensures consistency
across all criterion groups and allows integration with the derived weights. When multiple
experts are involved, their evaluations are aggregated using the arithmetic mean, resulting
in a representative performance value for each alternative under each sub-criterion. Letting
w; denote the normalized weight of sub-criterion 7, and letting vy; denote the aggregated
numerical performance value of alternative k with respect to sub-criterion i, the overall
score of each alternative is computed using the following weighted aggregation model
Sk = Yiiq w}-vi, where Sy represents the final score of alternative k, and # is the total
number of sub-criteria across all groups (A, D, E, P, V, and L). This formulation corresponds
to the weighted sum model, which is widely used in multi-criteria decision-making due
to its interpretability and ability to integrate multiple evaluation dimensions into a single
performance measure.

Finally, the alternatives are ranked in ascending order according to their computed
scores Sy, where higher values indicate better overall performance across all evaluation
criteria.

This approach ensures that all criterion groups (A-L) contribute proportionally to
the final evaluation, in accordance with their relative importance derived from the AHP/
FAHP analysis.

3.5. AHP/FAHP Methodology

For more than half a century, fuzzy set theory has been recognized as an effective
framework for addressing the uncertainty and imprecision inherent in linguistic assess-
ments, thereby providing substantial support for decision-making processes [47]. As a
generalization of classical (crisp) set theory, the primary objective of fuzzy sets is to enable
a mathematical representation of linguistic variables, allowing decision-makers to model
systems characterized by partially known or incomplete information [48]. In classical set
theory, an element either belongs to a set or does not, implying a binary membership
relationship. In contrast, fuzzy set theory introduces a membership function (MF), usually
denoted by u, which assigns to each element of the universal set a value within the interval
[0,1]. This value represents the degree to which the element belongs to a given fuzzy
set, thus capturing gradual transitions between full membership and non-membership.
Letting all fuzzy sets defined on the set of real numbers R be denoted as FS (R), the number
G € FS(R) is a fuzzy number if there exists xy € R so it holds jig(xp) = 1, and for every
A €[0,1], Gy = [x, pg, (x) > A] is a closed interval [49].

3.5.1. Triangular Fuzzy Sets: Preliminaries

The fundamental component of a triangular fuzzy number (TEN) is its membership
function, which describes how each real value is associated with a degree of membership.
This function is defined as follows:

x—1
1 I<x<m

pren(x) = ¢ 2=, m<x<u 1
0, otherwise,

where the inequality / < m < u holds. Numbers [, m and u serve as the lower, middle, and
upper value of G, respectively, while for | = m = u, TFN becomes a crisp number. The

usual notation of the triangular fuzzy number can be expressed as G = (I, m, u).
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The left and right sides of the membership function prpn(x) of TEN G = (I,m,u),
ylm and ptl, and their corresponding inverse functions (yla)_1 and (yé)_l, are defined

_ I \_ _ —
as =3 lzr Wemimn ()T =14 (m =y, (ug) ™! = ut (m—u)y, y € [0,1] yielding
the formula for the total integral value [50]:

14

C)Z

( +(1-MIL(G) = Af, ( pe) Ty + (1A ) Jy (1 pe) Ty =

%(1 A)(m—i—l): %(Au+m+(1_/\)l)’ 2

) =
A(m )

N
_|_

where A represents an optimism index, i.e., the attitude of an expert during the decision-
making process. The pessumstlc pomt of view is presented taking the value A = 0, from

where it is obtained that I9 (G) = I1(G); for the value A =1, the optimistic point of view is
given, and I} (G) Ir( G) For A = 0.5, the balanced (moderate) attitude of the decision-

maker is granted, and IOS(G) (IL(G) + IG(G)). In addition to the pessimistic and
optimistic perspectives, recently introduced semi-pessimistic and semi-optimistic points of
view have been proposed, corresponding to A = 0.25 and A = 0.75, respectively, providing a
more nuanced interpretation of uncertainty [51].

The main unary (scalar multiplication and inverse) and binary (addition, subtraction
and multiplication) operations for TENs Gy = (I1, my, u1) and G, = (I, my, up) and scalar
k > 0, k € R are shown below:

G1® Gy = (I1,my,u1) @ (I, mo, up) = (Iy + I, my + mp, ug + uy), (©))
G106 Gy = (I1,m,u1) © (lo, mp, up) = (I — up, my —my, uy —lp), 4)
G1® Gy = (I, my,u1) @ (Ip, my, up) = (Iy-lp, my-my, uy-uz), (5)
k-Gy = k- (I, my, u1) = (k-Iy, kemy, keuy), ©)
~—1 1 1 1
-1
Gl (lll ml/ul) (u], ml/ ll) ( )

Triangular fuzzy numbers are employed to represent expert judgments due to their
simplicity and effectiveness in handling uncertainty in decision-making problems. TFNs
are particularly suitable when evaluations are expressed in linguistic terms, as they allow
each assessment to be modeled as a triplet (I, m, u), representing the lower, most probable,
and upper values. The use of TFNs enables the modeling of different sources of uncertainty
inherent in expert evaluations, including imprecision, vagueness, and subjectivity. In
contrast to single-point (crisp) values, this representation captures the range of possible
interpretations of a given assessment, thereby providing a more flexible and realistic
description of expert preferences.

3.5.2. Algorithm

In the sequel, the steps of the Fuzzy Analytic Hierarchy Process are summarized [49]:

Step 1: Establishing the main goal and hierarchical appearance of criteria.

The hierarchical structure is organized in a vertical manner, where the main goal
represents the highest level of importance. The criteria and sub-criteria that influence the
achievement of the goal occupy the intermediate levels, whereas the set of alternatives is
positioned at the lowest level of the hierarchy.

Step 2: Setting the matrix H in terms of triangular fuzzy numbers.
The criteria and sub-criteria are used during the pairwise comparisons, enabling the

~

creation of matrix H = (/;)uxn. A total of n(n —1)/2 comparisons of elements from a
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higher level with elements from a lower level are made. Using triangular fuzzy numbers
(TENS), the hierarchy and comparison are given, where /;; is a fuzzy value representing the
relative importance of one criterion to another. It holds that &;; = (1,1,1), when comparing

criteria to itself, and h;; = 1/hj; for i # j.
The fuzzy scale, TFNs, and their explanations used to enable pairwise comparisons

are given:
TEN 1 = (1,1,3): “Two criteria are equally important.”
TEN 3 = (1,3,5): “One criteria is slightly more important than another.”
TEN 5 = (3,5,7): “One criteria is strongly more important than another.”
TEN 7 = (5,7,9): “One criteria is very strongly more important than another.”

TEN 9 = (7,9,9): “One criteria is absolutely strongly more important than another.”
2 — (1,2,3),Z = (3, 4,5),% =(5,6,7), and 8 — (7,8,9) are intermediate values used when
compromise is needed. The graphic representation of the used FAHP scale with lower,
median, and upper values is presented in Figure 3.

——1 ——2 3 ==l =5 ——G 7 8 9

12

1 <

0.8

0.6

04

0.2

0 r 4

0 1 2 3 4 5 6 7 8 9 10

Figure 3. Graphic representation of triangular fuzzy numbers.

Step 3: Matrix consistency calculation.
For matrix H = (hij) 1« r We calculate the consistency index CI and consistency ratio
CR using formulas
Apax — 1 CI

I = — R = -,
¢ n—1"7 ¢ RI

where A, represents the maximal eigenvalue of matrices H. The random index RI
determined by the matrix size and corresponding value is shown as

RI = {(3,0.58),(4,0.9), (5,1.12), (6,1.24)}.

The value CR < 0.1 verifies the matrix H’s consistency; otherwise, the reason for
inconsistency should be determined, and all calculations redone.

Step 4: The fuzzification process.

Applying formulas

1=

D:Z;Zhij:

n n
(Lij, mij, uif) ®)
i=1j=1 i=1j=1

and

1 f i ~\ 7 1 1 1
D' = hi| = , / ©
i=1j=1 / Y Z;Z:1 i’ Yiq Z;'l:1 mij" i Z;Z:1 lij
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on triangular fuzzy numbers from the matrix H = (hif)nxn’ the Chang synthetic fuzzy

number gi = (Lymj,u;) = i hij®D ~1 i =1,nis obtained [44].
Step 5: The defuzzification process.
Applying the formula

w; = I(S;) = 05(Au; +m; + (1= A)ly),i = T,m,A € [0,1], (10)

on obtained TENs S;, 1, 1, the total integral value is calculated.
Step 6: Vector normalization and criteria weight calculation.
The weight vector w = (wq,w>, ..., wn)T is normalized using formula

-1
w; = w; (Z wi> (11)
i=1

After this, criteria ranking is performed.

To enable quantitative analysis, qualitative assessments provided by experts were
transformed into numerical values using a predefined linguistic scale. Each qualitative level
(very low, low, medium, high, and very high) was assigned a corresponding numerical score
(1-9). In cases involving multiple experts, individual evaluations were aggregated using
the arithmetic mean to obtain a representative score for each criterion. These numerical
values were then used as inputs for the subsequent weighting procedure.

4. Results and Discussion

In this section, an algorithm presented in Section 3.5 has been applied. Crisp AHP
and five degrees of optimism in the FAHP cases (pessimistic, A = 0; semi-pessimistic,
A = 0.25; balanced, A = 0.5; semi-optimistic, A = 0.75; and optimistic, A = 1) are used to
compare the obtained results and sub-criteria ranking [47]. A group of experts from the
areas of education, artificial intelligence, software engineering, informatics, pedagogy, and
mathematics selected groups of criteria and sub-criteria, and expressed their opinions
based on the meaning of TFNs presented in Figure 3. The assessments the experts gave
were aggregated based on the first step of the presented algorithm.

Firstly, the main criteria group rankings were determined. According to the aggregated
experts’ opinions, the most important group is accuracy and professional correctness,
denoted by A, followed by the equally ranked depth and coverage of the content (D),
examples and practical application (E), and pedagogical clarity and didactic quality (P).
The criteria visual and structural presentation (V) and language style and academic tone
(L) are placed at the bottom.

The values CI = 0.037 and CR = 0.03, enabling the consistency of the main criteria
comparison matrix, are calculated as follows:

6.289 + 6.245 + 6.245 + 6.245 + 6.027 + 6.059

Amax = : = 6.185 (12)

6.185 — 6 0.037
=~ = 0087,CR= =7 = 0.03. (13)

In the AHP case, the leading criteria has weight w(A) = 0.405, while w(D) = w(E)
= w(P) = 0.1735. In the balanced FAHP case, the most significant criteria have weight
w(A) = 0.319, having 1.53 times higher weight than criteria D, and 1.6 and 1.69 times
more importance than criteria E and P. In the pessimistic FAHP case, the previous quo-

CI

tients are equal to 1.6, 1.64, and 1,67, while for A = 1 they respectively are 1.5, 1.59, and
1.7. Considering the weights of lastly ranked criteria, in all five cases of the FAHP they
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are equal: w(V) = 0.057, w(V) = 0.06, w(V) = 0.062, w(V) = 0.063, and w(V) = 0.064;
w(L) =0.026, w(L) = 0.026, w(L) = 0.025, w(L) = 0.025, and w(L) = 0.025.
The ranking of sub-criteria is performed in the same manner as the ranking of the

main criteria, and the fuzzy comparison matrices and corresponding weights are given in

Tables 3-7 and Figures 2—4 below. According to the experts” opinions, the fuzzy matrices

for the sub-criteria of groups A, E, and P are the same, as well as the matrices for the

sub-criteria of groups V and L. All comparison matrices are consistent.

Table 3. Fuzzy comparison matrix and weights for the sub-criteria from group A.

A Al A2 A3 A4 A5
Al 1 3 5 7 9
A2 371 1 3 5 7
A3 571 37! 1 3 5
Ad 7-1 51 371 1 3
A5 9! 71 571 3 1
Table 4. The weights for the sub-criteria from group A in the AHP and FAHP cases.
FAHP
A AHP A=0 A=0.25 A=05 A =0.75 A=1
Al 0.502819 0.445249 0.429636 0.419718 0.412859 0.407833
A2 0.260232 0.283019 0.286063 0.287996 0.289334 0.290314
A3 0.13435 0.159886 0.167171 0.171799 0.174999 0.177344
A4 0.067778 0.076977 0.082977 0.086789 0.089425 0.091356
A5 0.034821 0.03487 0.034153 0.033698 0.033383 0.033153
Table 5. Fuzzy comparison matrix and weights for the sub-criteria from group D.
D D1 D2 D3 D4
D1 1 3 7 9
D2 31 1 5 7
D3 71 51 1 3
D4 9-1 771 31 1
Table 6. The weights for the sub-criteria from group D in the AHP and FAHP cases.
FAHP
D
AHP A=0 A=0.25 A=0.5 A=0.75 A=1
D1 0.573947 0.513364 0.502292 0.494638 0.489031 0.484746
D2 0.291316 0.340528 0.343762 0.345997 0.347635 0.348887
D3 0.090263 0.101364 0.109448 0.115037 0.119132 0.122261
D4 0.044474 0.044744 0.044498 0.044327 0.044202 0.044106
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Table 7. The weights for the sub-criteria from group V in the AHP and FAHP cases.

A% V1 V2 V3
V1 1 3 5
V2 3-1 1 3
V3 51 31 1
0.6
0.5
04
0.3
0.2
" n Il Il Il Il Il
A=0 A=0.25 A=0.5 A=0.75 A=1
AHP FAHP

mEl mE2 mE3 mE4 mES

Figure 4. Weights for the sub-criteria belonging to group E in the AHP and FAHP cases.

As can be seen in Table 3, the leading sub-criteria from group A deals with a completely
accurate concept and terminology, with no conceptual or technical errors (Al) with a
corresponding weight equal to w(A1) = 0.503 in the AHP case, and an averaged weight in
all FAHP cases of w(A1) = 0.423. The highest weights of the sub-criteria regarding to minor
inaccuracies is obtained in the optimistic FAHP case, w(A2) = 0.29, while the lowest value
is reached in the AHP case, w(A2) = 0.26. Predominantly inaccurate or incorrect content
is the least important sub-criteria from this group, being 12.456, 12.6, and 12.367 times
less important than the leading one in the balanced, semi-pessimistic, and semi-optimistic
FAHP cases.

In the same way, the sub-criteria from the groups examples and practical appli-
cation (E) and pedagogical clarity and didactic quality (P) were ranked. The weights
for sub-criteria from group E and TFNs for sub-criteria from group P are presented in
Figures 4 and 5, respectively.

The sub-criteria belonging to the group depth and coverage of the content are ranked
in the following way. Comprehensive and detailed coverage of the topic with an academic
level of presentation (D1) is at the top, followed by good coverage of most key aspects
without deeper elaboration of advanced components (D2), superficial treatment with
limited depth (D3), and minimal or trivial content (D4), as can be seen in Tables 4 and 5.
The highest value of the sub-criteria D1 is obtained in the AHP case, w(D1) = 0.574, while
the averaged weight in the FAHP cases is equal to w(D1) = 0.497. The second sub-criteria
in the rank has weights w(D2) = 0.341, w(D2) = 0.346, and w(D2) = 0.349 in the pessimistic,
balanced, and optimistic FAHP cases. Comparing the results in the semi-pessimistic and
semi-optimistic points of view (FAHP), w(D3) = 0.109, and w(D3) = 0.119, while trivial
content has weights w(D4) = 0.044 = w(D4), being 11.288 and 11.064 times less important
than D1.
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Figure 5. Triangular fuzzy numbers for the sub-criteria related to group P.

Speaking of the visual and structural presentation and language style and academic
tone groups, clear and relevant visual elements and consistent academic style with no
linguistical and grammatical flaws rank first, with w(V1) = w(L1) = 0.633, followed by
basic but acceptable structure (V2) and a mixture of academic and informal style (L2),
w(V2) =w(L2) = 0.26, being 5.966, 5.098, 5.479, and 5.653 times less important than L1 (V1)
in the AHP, pessimistic, balanced, and optimistic FAHP cases, respectively. The comparison
matrix (Table 7) and corresponding TENs (Figure 6) for these two groups are given below.

1.2

0.8
0.6 /
0.4

0.2

0 0.2 0.4 0.6 0.8 1 1.2 14 16

—e—V1 V2 V3

Figure 6. Triangular fuzzy numbers for the sub-criteria related to groups V and L.

Now, using the six different ways, we performed the sub-criteria final ranking. It can
be observed (Figure 7) that, while the sub-criterions named A1l and A2 are still ranked
highest, all the remaining sub-criteria from A (accuracy and professional correctness), A3,
A4, and A5, are ranked sixth, eleventh, and sixteenth, respectively, in the AHP, with some
differences in the FAHP cases, placing A2 third and the rest of the sub-criteria from A three
places lower than in the crisp case. The sub-criteria from group D, D1-D4, are ranked
second, sixth, fourteenth, and nineteenth in all five cases of the FAHP. A similar situation is
within the group E sub-criteria, ranking E1, E2, and E3 fourth, seventh, and eleventh in
the FAHP, while E4 ranks seventeenth in the pessimistic case and sixteenth in other cases.
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E5 is ranked twenty-second for A = 0, A = 0.25, and A = 0.5, while in the semi-optimistic
and optimistic case is ranked one place lower. Exceptionally clear and logically structured
presentation, the leading sub-criteria from the group P, is placed fifth in all six cases, while
P2 is ranked ninth in crisp and three FAHP cases (A =1, A = 0.75, and A = 0.5) and eighth
in the rest of the possibilities. Understandable with increased effort from the reader (P3)
is ranked thirteenth in the AHP, and one place higher in five FAHP cases. Furthermore,
the leading sub-criteria from groups V and L, V1 and L1, are ranked tenth (all six cases)
and fourteenth (AHP) and four places below (FAHP). The sub-criteria placed at the bottom
of the ladder are related to the non-existence of useful examples, low pedagogical quality,
disorganized content and inappropriate style for academic use, named E5, P5, V3, and L3.
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Figure 7. Final ranking of all sub-criteria.

The findings verify that there are some influential sub-criteria (Al and D1) identified
in the evaluation framework. These sub-criteria have consistently had larger weights than
other sub-criteria across several experts and methods (AHP and FAHP), indicating they
contribute more toward the overall decision-making process. Additionally, the sensitivity
of the overall rankings to these sub-criteria suggests that these are highly important fac-
tors in generating the evaluation. Their prominent status indicates how important those
sub-criteria are, as well as suggesting that experts have reached convergence regarding the
important qualities associated with these sub-criteria. Accordingly, defining and validat-
ing the sub-criteria in the evaluation of LLM-generated content in educational software
engineering will be paramount, confirming the research question RQ2. Therefore, the
results confirm RQ2, showing that highly influential sub-criteria do exist, with accuracy
and professional correctness (Al) and depth and coverage of content (D1) identified as the
most influential factors in the evaluation process.

In this paper, several different rankings were obtained. In the process of analyzing
ranking similarities in the crisp AHP and five different parts of FAHP algorithms, the
authors most often use Spearman’s rank correlation coefficient (n stands for the number
of elements in ranking, and Ry, and Ry, mean the i-th element in the rankings used for
comparison) [52]:

6Ly d;

:1—
s n(n?z—1)’

d; = Ry, — Ry, (14)
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As presented in Figure 8, the highest similarity (100%) in ranking sub-criteria is
obtained when comparing the semi-optimistic and optimistic FAHP, while the lowest value
of the index s = 0.977 occurs when the semi-pessimistic FAHP is compared with the crisp
AHP and pessimistic FAHP. Important to mention is that r; = 0.999 when comparing the
balanced FAHP with the semi-pessimistic, semi-optimistic and optimistic FAHP. According
to the obtained results, one can conclude that all rankings have high similarity.

AHP 1 FAHP A=0 oo FAHP A=0.25 essm=FAHP A=0.5 ess=FAHP A=0.75 o—FAHP A=1

FRHP A=0

FAHP A=1 FAHP A=0.25

FAHP A=0.75 FAHP A=0.5

Figure 8. The sub-criteria ranking similarity (crisp AHP and five FAHP cases).

The high similarity of rankings obtained for different values of the optimism index
indicates that changes in the optimism index do not significantly affect the ranking order of
sub-criteria. This suggests that the proposed FAHP-based evaluation model is stable with
respect to variations in decision-maker attitude and fuzzy parameters. From a method-
ological perspective, this result demonstrates the potential robustness of the proposed
multi-criteria decision-making model. Therefore, these findings provide a clear answer to
RQ3, confirming that there are no significant changes in sub-criteria ranking when different
optimism index values are used.

A comparative analysis of the rankings obtained using both AHP and FAHP ap-
proaches indicates a high level of agreement between the two methods, particularly with
respect to the top-ranked alternatives, which remain unchanged across both models. This
consistency suggests a strong structural stability of the proposed evaluation framework.
At the same time, the FAHP-based results exhibit a more balanced distribution of criteria
weights, reflecting the incorporation of uncertainty and imprecision in expert judgments.
The aggregation of inputs from eight experts, combined with acceptable consistency levels,
further supports the robustness of the findings. Overall, these results demonstrate that
the proposed framework provides reliable and interpretable rankings while maintaining
resilience to minor variations in expert input.

A sensitivity analysis was conducted to assess the robustness of the obtained results.
Specifically, the normalized weights of the leading criteria from all groups were varied
within a predefined range (+£10-20%), in all six cases. The resulting changes in the final
ranking of alternatives were then analyzed.
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The results indicate that the overall ranking remains stable under moderate variations
of the leading criteria, as presented in Figure 9 below, with only minor changes observed
among closely ranked alternatives. This suggests that the proposed model demonstrates a
satisfactory level of robustness despite the simplified treatment of uncertainty.

Sensitivity Analysis of Criteria Under Weight Variations - AHP
Weight variation (%)
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- Zero (white): no change in the alternative’s relative position.
Figure 9. The sensitivity analysis of the criteria under weight variations, AHP case.

Figure 9 presents the sensitivity analysis results under variations of criterion weights
ranging from —20% to +20% in the AHP case. The majority of criteria exhibit stable behavior,
with no significant impact on the final ranking, indicating the robustness of the model.
However, certain criteria (A2 and L1) show noticeable sensitivity, suggesting that they play
a more influential role in the evaluation process. Overall, the limited variation in most
criteria confirms the stability and reliability of the proposed decision-making framework.

A similar sensitivity analysis was conducted for the FAHP method considering dif-
ferent values of the optimism index (A = 0, 0.25, 0.5, 0.75, and 1). For brevity, the results
corresponding to the balanced case (A = 0.5) are presented in Figure 10. The obtained results
show a similar overall pattern as in the AHP case, with most criteria exhibiting stable
behavior under weight variations. However, slightly more pronounced changes can be
observed for certain criteria (A2, D2, V1, and L1), reflecting the influence of uncertainty
incorporated through fuzzy modeling. Despite these local variations, the overall ranking
remains largely unchanged, indicating the potential robustness and consistency of the
proposed FAHP-based evaluation framework.

After determining the relative weights of the criteria using the AHP and FAHP meth-
ods, the evaluation and ranking of the considered alternatives is approached, representing
the central element of the proposed framework.

According to Expert 1’s evaluation, for T1 and M1, the corresponding sub-criteria
are Al, D2, E2, P1, V1, and L1, with the resulting weights wr;(M1) = 0.433814 in the
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AHP case, and wr1(M1) = 0.404877, wr1(M1) = 0.393184, and w1 (M1) = 0.388057 in
the pessimistic, balanced and optimistic FAHP cases. The lowest value for the model M1,
0.240739, is obtained in the AHP case selected by Expert 2. The average values of all experts
for all six cases of algorithms, as can be seen in Table 8, yield interesting results, presenting
the same weight for M1 in the results of Expert 1, Expert 3, and Expert 5. Average results
in the semi-pessimistic, semi-optimistic, and optimistic FAHP cases are equal to 0.335212,
0.3902, and 0.333007, making a decreasing sequence of values as the optimism index rises.

Sensitivity Analysis of Criteria Under Weight Variations - FAHP A = 0.5
Weight variation (%)
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Figure 10. The sensitivity analysis of the criteria under weight variations, FAHP balanced case
A=0.5.

Table 8. The evaluation grades for the model M1 in the T1 case (AHP and five FAHP cases).

Ex1 Ex2 Ex3 Ex4 Ex5 Ex6 Ex7 Ex8
Al A2 Al A2 Al A2 Al A2
D2 D3 D2 D2 D2 D2 D3 D1
E2 E2 E2 E3 E2 E2 E3 E2
P1 P2 P1 P2 P1 P2 P2 P1
Vi1 V2 Vi1 V2 Vi1 V2 Vi1 V2
L1 L1 L1 L2 L1 L2 L1 L2

Comparing the following results, it can be observed that Model M2 has identical
weights assigned by Experts 1 to 6, amounting to wrj (M2) = 0.524942 in the AHP case, and
0.471839, 0.450208, and 0.440029 in the FAHP (A = 0, A = 0.5, and A = 1) cases, indicating
that it is the most important alternative within this group of evaluations. In contrast, the
weights assigned by Expert 7 are lower, being 1.146, 1.126, 1.122, and 1.118 times smaller
than the corresponding values reported above. A similar trend is observed for Expert 8,
with the respective ratios equal to 1.23, 1.125, 1.103, and 1.092. This deviation suggests that
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Experts 7 and 8 adopt a more conservative assessment of Model M2 compared to the rest
of the expert group, although the overall ranking of the model remains unchanged. Such
consistency in ranking, despite differences in absolute values, indicates the robustness of
the evaluation results.

Similar results can also be seen in the answers of Expert 1, Expert 3, and Expert 5,
regarding the model M3, with weights w1 (M3) = 0.20892 in the AHP, and 0.226875 and
0.232303 in the FAHP (A = 0.25 and A = 0.75) cases, as can be seen in Figure 11. The
highest value for M3 is obtained from the Expert 8 opinion and is equal to 0.412821 (AHP),
and 0.381959 and 0.377208 (FAHP: A = 0; A = 0.25). The second highest weight is obtained
from Expert 6, with an averaged value of all six cases equal to 0.346992, while the lowest
value in general is equal to 0.124604 and is obtained from Expert 4 (AHP).

FAHPA=0 FAHPA=0.25 FAHPA=0.5 FAHPA=0.75 FAHPA=1
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Figure 11. The weights of the model M3 (T1 case).

The highest value for Model 4 is obtained from Expert 2’s opinion with the corre-
sponding weights 0.524942, 0.450208, and 0.440029 (AHP, FAHP: A = 0.5; A = 1), while
the lowest value is given by Experts 1, 3, and 5, with weight 0. 131063 (AHP). The average
weights of Model 4 are equal to 0.261286, 0.268921, 0.270258, and 0.270961 (AHP, FAHP:
A =0; A =0.5; A = 1), which demonstrates a relatively stable evaluation across different
methodological settings. This stability indicates that the application of fuzzy parameters
(A) does not significantly affect the overall ranking of this model. Furthermore, Experts 6
and 7 provided evaluations whose corresponding weights are the closest to the average
values (Ex6: 0.265645, 0.294545, 0.301130, and 0.304171; Ex7: 0.258209, 0.285248, 0.289288,
and 0.291196; AHP, FAHP: A = 0; A = 0.5; A = 1), suggesting that their judgments can be
considered the most representative or consensus-based within the expert group. Overall,
the observed dispersion of weights implies a moderate level of variability in expert opin-
ions, while the consistency of average values across the AHP and FAHP approaches shows
promising results for the proposed framework robustness, as presented in Table 9.

Comparing the points of view for Model 5, it can be observed that the pessimistic
perspective of Expert 2 yields the highest score (0.440432), followed by the semi-pessimistic
and balanced cases. In contrast, the lowest weight is assigned by Expert 6 within the AHP
framework (0.214527), indicating a more conservative evaluation of this model. Further-
more, a notable consistency in the evaluations can be observed among Experts 1, 3, and 5,
whose assessments result in identical weights. This alignment suggests a shared perception
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of Model 5 among these experts, contributing to the overall stability of the evaluation.
Overall, the distribution of weights indicates a certain degree of variability across expert
opinions, with Expert 2 demonstrating a more favorable stance, while Expert 6 reflects
a more critical viewpoint. Such differences highlight the importance of incorporating
multiple perspectives when assessing LLM-based models.

Table 9. The sub-criteria and weights corresponding to Model 4 and Model 5 (T1).

FAHP

AHP 3 0 A=0 A=0 A=0 A=0

M4

M5

Ex1
Ex2
Ex3
Ex4
Ex5
Ex6
Ex7
Ex8
Ex1
Ex2
Ex3
Ex4
Ex5
Ex6
Ex7
Ex8

A4
Al
A4
Al
A4
A2
A2
A3
A2
Al
A2
A2
A2
A2
A2
A2

D3 E3 P2 V2 L2 0.131 015 0.162 0.166 0.169 0.171
D1 El P1 V1 L1 0525 0472 0459 045 0444 044
D3 E3 P2 V2 L2 0131 015 0162 0166 0169 0.171
D2 El P1 V1 L1 0476 0437 0426 0419 0415 0411
D3 E3 P2 V2 L2 0.131 0.155 0.162 0166 0.169 0.171
D2 E2 P2 V2 L2 0266 0295 0299 0301 0303 0.304
D2 E2 P2 V3 L2 0258 0285 0288 0289 029 0291
D3 E2 P2 V3 L2 0172 0197 0201 0204 0206 0.208
D2 E3 P2 V1 L2 0262 0288 0293 0.296 0.298 0.3
D1 El P2 V1 L1 0483 044 0431 0425 0421 0418
D2 E3 P2 V1 L2 0262 0288 0293 0296 0.298 0.3
D2 E3 P3 V2 L1 0232 0255 026 0264 0266 0.268
D2 E3 P2 V1 L2 0262 0288 0293 029 0.298 0.3
D2 E3 P3 V3 L2 0215 0237 0242 0244 0246 0.248
D2 E3 P2 V2 L1 0254 0279 0283 0.285 0.287 0.289
D2 E2 P3 V2 L2 0244 0271 0276 0279 0281 0.283

For the topic T2—Requirements Analysis and Specification, Model M2 is again identi-
fied as the highest-ranked alternative (consistent with the results for T1), with an average
weight of 0.465038 in the AHP case, while in the balanced FAHP scenario the weight
amounts to 0.413013. Six experts assigned the highest evaluations to M2, yielding weights
of 0.524942 (AHP), and 0.471839, 0.450208, and 0.440029 in the FAHP cases (A = 0; A = 0.5;
A =1), confirming a strong consensus regarding the importance of this model. In contrast,
Experts 4 and 5 provided less high evaluations, particularly within the first, second, and
fourth groups of criteria. Their assessments resulted in weights of 0.384713 and 0.185936
in the AHP framework, and 0.385261 and 0.215304, as well as 0.382052 and 0.222348, in
the semi-pessimistic and semi-optimistic FAHP cases, respectively. Overall, these results
indicate a divergence in expert opinions. However, the dominance of Model M2 remains
consistent across all considered scenarios, supporting the robustness of the ranking, despite
variability in individual judgments and criteria group sensitivities.

The notable change in the ranking process is how Model M3 made a significant jump
from fifth (in T1) to second place overall. This change is primarily attributable to strong
evaluation from an average of all three sets of evaluation criteria as well as by a number of
experts who provided consistent evaluations over time. The average weights from the AHP
and three FAHP cases, A =0, A = 0.5 and A = 1, from the group of experts were 0.369175,
0.359609, 0.354688 and 0.352513, respectively. The highest individual weight (0.524942)
is assigned to Model M2 by Expert 2, while the lowest weight is observed for Experts 6
and 8 (AHP: 0.243084), indicating a considerable spread in expert judgments. In addition,
Experts 1 and 3 evaluated Model M2 the same across all of the FAHP cases, as well as
Experts 6 and 8. The weights assigned to those experts in the balanced FAHP case were
0.393184 and 0.278096, respectively, whereas their corresponding weights in the A = 0.25
case were 0.397617 and 0.275044, and were 0.3902 and 0.280204 in the A = 0.75 case. The
results highlight that the improved ranking position of Model M3 is driven not only by
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stronger performance across key criteria groups, but also by the reduced variability in
expert assessments, which contributes to a more stable and reliable evaluation outcome.
In the middle of the ranking lies Model M1, with identical evaluations provided by
Experts 1, 3, and 5. The corresponding weights are 0.436953, 0.426050, 0.419296, 0.414705,
and 0.411383 across all FAHP cases, indicating a high level of agreement among these
experts. Expert 2 assigns the highest scores to Model M2 (AHP: 0.524942; FAHP, A = 0.5:
0.450208), whereas Experts 6 and 8 provide the lowest evaluations among all experts (AHP:
0.156542; FAHP, A = 0.5: 0.163544), reflecting a more critical perspective. Furthermore, the
results obtained from Expert 7 are higher than those of Expert 4, as can be seen in Figure 12,
by factors of 2.082, 1.940, 1.806, and 1.745 (AHP, FAHP: A = 0; A = 0.5; A = 1), respectively.
This notable discrepancy highlights the variability in expert judgments, although it does
not significantly affect the relative positioning of Model M1 within the overall ranking.

Exl Ex2 Ex3 Ex4 Ex5 Ex6 Ex7 Ex8 Ex1 Ex2 Ex3 Ex4 Ex5 Ex6 Ex7 Ex8

Model 1 Model 4

MAHP EFAHPA=0 mFAHPA=0.25 mFAHPA=0.5 ®FAHPA=0.75 mFAHPA=1

Figure 12. The weights of the models M1 and M4 (T2 topic) for the AHP and five FAHP cases.

Model M4 (see Figure 12) has AHP weights of 0.334999, 0.317712, 0.334999, 0.248742,
0.334999, 0.225310, 0.363783, and 0.253781, and all experts gave it similar scores. This
distribution shows that experts mostly agree, even though there are some differences in
how they rate things. The highest scores are assigned by Expert 7, amounting to 0.344618
and 0.342063 in the semi-pessimistic and semi-optimistic FAHP cases, respectively. In
contrast, Expert 6 provides the lowest evaluation (0.225310), which is lower by a factor
of 1.615 compared to the highest value, reflecting a more critical viewpoint. The average
weights for the different FAHP scenarios range from 0.295099 to 0.296535, which shows
that there is minimal variation. These averages are lower than the highest assigned weight
by factors of 1.15 to 1.76, presenting a stable central tendency despite small differences in
expert opinions. The fairly small range of average values shows that Model M4 stays in the
same place in the ranking, supporting the idea that the evaluation results are strong even
when FAHP parameters change.

At the bottom of the ladder, two places lower in rank than in T1, lies model M5, with
averaged weights in all six cases of algorithms of 0.201537, 0.208423, 0. 213105, 0.216114,
0.218217, and 0.219774, respectively, showing the high degree of experts’ opinion similarity.
The results obtained from Expert 5 (FAHP: A = 0; A = 0.5; and A = 1: 0.282495, 0.281302, and

https://doi.org/10.3390 /math14101637


https://doi.org/10.3390/math14101637

Mathematics 2026, 14, 1637 27 of 33

0.280807) are higher than those from other experts, especially Expert 7, whose lowest grades
in the same cases correspond to the weights 0.148925, 0.1593, and 0.164251, as can be seen
in Figure 13. Despite the observed differences between individual expert assessments, the
relatively narrow range of average weights confirms the stability of Model M5’s position
at the lower end of the ranking. This consistency further supports the robustness of the
evaluation results across different methodological settings.

0.35
0.3 >,<‘ A
0.25
0.2 :;—-"""""o . 3 5 :5
0.15 ——r
0.1
0.05
0
AHP FAHPA=0 FAHPA=0.25 FAHPA=0.5 FAHPA=0.75 FAHPA=1

o~Ex]l =—e—Ex2 -o—Ex3 —e—Ex4 —e—=EX5 —e—Ex6 —e—Ex7 —e—Ex8
Figure 13. The weights of the model M5 (T2 topic) for the AHP and five FAHP cases.
With the same ranking order, as it was presented in T2, model M2 remains highly

graded, the leading one in topic T3, followed by M3, M1, M4, and at the bottom, M5,
supporting the ranking robustness and proposed framework justification (see Figure 14).

l

“ i
|

T1 T2 T3

Figure 14. The ranking order of models M1-M5 in topics T1-T3.

According to the points of view of Experts 1 and 3, their same weights to the model
M1 of 0.388057, 0.393184, and 0.404877 (FAHP optimistic, balanced, and pessimistic points
of view) represent the highest grades, while Expert 6, with some differences in judgements,
yields smaller weights: 0.166418, 0.16476, and 0.160969. The tendency of similar experts’
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opinions can be seen in the results of Experts 2 and 7, whose determined weights are only
1.016 and 1.043 times less important than the leading ones in the AHP case. Those quotients
in the FAHP cases (A = 0.25, A = 0.75) are equal to 0.964 and 1.047; and 0.963 and 1.048,
respectively. The average weights for M1, wr3(M1), are equal to 0.34001 (AHP), 0.325443,
0.3204, and 0.318141 (FAHP: A =0,A =0.5,and A = 1).

The majority of experts (five out of eight) assigned the highest grades for model
M2 with the corresponding weights 0.524942, 0.471839, 0.45864, 0.450208, 0.444345, and
0.440029 in all six cases (AHP and FAHP), respectively. Expert 6, with the lowest, but
relatively uniform values, yields weights in the range 0.336 to 0.351, remaining consistent
across different methodological settings, further contributing to the overall stability of the
decision-making process.

Expert 2 favors model M3, assigning it near-maximum evaluations with weight
0.424096 in the balanced FAHP case, and 0.430207 and 0.419841 when A = 0.25 and
A = 0.75. A similar evaluation pattern is observed for Experts 1 and 3, who provide
identical assessments (AHP: 0.475904; FAHP: A = 0.25 and A = 0.75: 0.426050 and 0.414705).
Likewise, Experts 6 and 8 also demonstrate consistent judgments, with weights of 0.231940
(AHP) and 0.260102 and 0.265892 (FAHP: A = 0.25 and A = 0.75). One can say that consis-
tency within expert pairs suggests the presence of coherent evaluation patterns, making the
reliability of the obtained results stronger despite variations in individual scoring levels.

The lowest ranked in T3, as in the previous topic, are models M4 and M5. The
consensus of the first three experts, as can be seen in Table 10, yields the following weights
for M4, 0.433814 (AHP) and 0.393814 for balanced FAHP, higher than the corresponding
average values of 0.12 and 0.083, respectively, indicating a more favorable assessment
within this subgroup of experts. The weights obtained from Expert 4, the lowest of all,
determined by some differences in judgements, are 0.207347 (smallest weight, AHP), and
0.213914, 0.22054, and 0.223811 (FAHP: A =0.,A =0.5, and A = 1).

At the bottom of the ladder is placed, according to the expert’s assessments, model
M5, with average weights of 0.306293, 0.301373, 0.301069, 0.301001, 0.301015, and 0.301059
in all six cases of algorithms, respectively. The highest grades were obtained from Experts
1 and 2 with 1.416, 1.343, 1.306, and 1.289 times higher weights than the averaged ones
(AHP, FAHP: A = 0., A = 0.5, and A = 1), while decision variations make Expert 4’s grades
the lowest ones: 0.163978, 0.17514, and 0.177918 (AHP, FAHP: A = 0.25 and A = 75).

The consistency of the ranking results across multiple topics and evaluation scenarios
demonstrates that the proposed framework can be reliably applied to the evaluation of
LLM-generated educational content in software engineering education. The framework
enables systematic comparison of different models across different topics, criteria, and
cognitive levels, confirming its practical applicability in real educational evaluation contexts.
Furthermore, the high level of agreement between the results obtained using the crisp AHP
method and multiple FAHP scenarios indicates that the integration of AHP and Fuzzy
AHP suggests the effectiveness of the multi-criteria decision-making framework under
uncertainty. The stability of rankings and the small variations in calculated weights across
different methodological settings demonstrate the reliability of the proposed approach.
These findings provide answers to RQ1 and RQ4, confirming that the proposed framework
can be successfully applied to the evaluation of LLM-generated educational content and that
the combined AHP-FAHP approach provides a robust evaluation and ranking framework.
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Table 10. The sub-criteria and weights corresponding to the models M1-M5 (T3) and all six cases of

algorithms.
FAHP

AHP 3 0 A=0 A=0 A=0 A=0
Exl Al D2 E2 Pl VI L1 0434 0405 0398 0393 039 0388
Ex2 A2 DI El Pl VI L1 0427 0419 0413 0408 0405 0403
Ex3 Al D2 E2 Pl VI L1 0434 0405 0398 0393 039 0388

Exd4 Al D3 E3 P3 V2 12 028 0251 025 025 025 025

ML g5 A2 DI E2 PI VI L1 038 0387 0384 038 0381 038
Ex6 A2 D4 E4 P3 V3 12 016 0161 0163 0165 0.166 0.166

Ex7 Al D2 E2 Pl V2 L1 0416 0387 038 0375 0372 037

Ex8 A2 D3 E3 P3 V3 12 018 0189 0193 019 0198 02

Exl Al DI El Pl VI Ll 0525 0472 0459 045 0444 044

Ex2 Al DI El Pl VI Ll 0525 0472 0459 045 0444 044

Ex3 Al DI El Pl VI Ll 0525 0472 0459 045 0444 044

Exd Al DI El Pl VI Ll 0525 0472 0459 045 0444 044
M2 g5 A2 D2 EI Pl V1 L1 0378 038 038 0377 0376 0374
Ex6é A2 D2 E2 Pl VI L1 033 035 0352 0351 0351 0351

Ex7 Al DI El Pl VI Ll 0525 0472 0459 045 0444 044

Ex8§ Al D2 E2 Pl V2 L1 0416 0387 038 0375 0372 037
Exl Al D2 ElI Pl VI Ll 0476 0437 0426 0419 0415 0411
Ex2 Al DI E2 Pl VI L1 0483 044 043 0424 042 0417
Ex3 Al D2 E1 Pl VI Ll 0476 0437 0426 0419 0415 0411
Exd4 A2 D2 E2 Pl VI L1 033 035 0352 0351 0351 0351
M3 g5 A1 D2  E2 Pl VI L1 0434 0405 0398 0393 039 0388
Ex6 A2 D2 E3 P3 V2 L1 0232 0255 026 0264 0266 0268
Ex7 A2 D2 E2 P2 V2 L1 0276 0303 0306 0308 031 0311
Ex8 A2 D2 E3 P3 V2 L1 0232 0255 026 0264 0266 0268
Exl Al D2 E2 Pl VI L1 0434 0405 0398 0393 039 0388
Ex2 Al D2 E2 Pl VI Ll 0434 0405 0398 0393 039 0388
Ex3 Al D2 E2 Pl VI L1 0434 0405 0398 0393 039 0388
Exd A2 D3 E4 P2 V2 L1 0207 0214 0218 0221 0222 0224
Mé g5 A2 D2 B2 PI VI L1 033 0352 035 0351 0351 0351
Ex6 A2 D3 E3 P2 V2 L1 0219 023 0235 0237 0239 0241
Ex7 A2 D3 E3 P2 V2 12 0209 022 0227 023 0232 0234
Ex8§ A2 D2 E3 P2 V3 12 023 0261 0264 0266 0268 0269
Exl Al D2 E2 Pl VI L1 0434 0405 0398 0393 039 0388
Ex2 A2 D2 E2 P2 VI L1 0294 0321 0324 0326 0328 0329
Ex3 Al D2 E2 Pl VI L1 0434 0405 0398 0393 039 0388

Exdé A2 D3 E4 P4 V2 12 0164 0166 0172 0175 0178 0.8

M5 g5 A1 D3 E2 Pl VI L1 0399 0357 0349 0345 0342 034
Ex6 A2 D3 E3 P2 VI L1 0237 0248 0253 0255 0257 0.259
Ex7 A2 D3 E4 P3 V2 12 0176 0182 0188 0191 0194 0.196
Ex8 A2 D2 E3 Pl VI L1 0314 0328 0328 0328 0328 0328

5. Conclusions

This study has demonstrated the feasibility of using a combined AHP and Fuzzy

AHP approach for evaluating the quality of educational content generated by LLMs in

software engineering education. The proposed framework integrates structured multi-

criteria methods with fuzzy logic in order to model both the complexity of evaluation

criteria and the uncertainty inherent in expert judgments. In this way, the evaluation process

becomes more systematic, transparent, and suitable for complex educational evaluation

scenarios involving subjective assessments. It is important to emphasize that this study does

not evaluate LLMs as software systems, but rather evaluates the quality of the educational

content generated by these models in a specific educational context. Therefore, the focus of
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the proposed framework is not on model performance in general, but on the pedagogical
value, accuracy, structure, and practical applicability of the generated instructional content
in software engineering education.

The results of the study indicate that the proposed framework can successfully support
the evaluation and ranking of LLM-generated educational content across different topics
and cognitive levels. The findings show that accuracy and professional correctness, as well
as depth and coverage of content, represent the most influential criteria in the evaluation
process. In addition, the results demonstrate a high level of consistency in rankings across
different FAHP optimism index values, indicating that the proposed model is stable and not
sensitive to variations in decision-maker attitudes or fuzzy parameters. The high similarity
of ranking results obtained using the crisp AHP method and multiple FAHP scenarios
confirms the robustness and reliability of the proposed multi-criteria evaluation framework.
The integration of classical AHP and Fuzzy AHP enables both clear prioritization of
the evaluation criteria and the incorporation of uncertainty, vagueness, and subjectivity
present in expert-based evaluations. Furthermore, the framework allows the identification
of variability among expert judgments while maintaining stable overall ranking results,
which confirms its suitability for complex evaluation tasks such as the assessment of
LLM-generated educational content.

The results of this study provide answers to the research questions. The proposed
framework can support the evaluation of LLM-generated educational content in software
engineering education (RQ1), highly influential sub-criteria do exist (RQ2), the ranking of
sub-criteria does not significantly change for different optimism index values (RQ3), and
the combination of AHP and Fuzzy AHP provides a robust and reliable framework for
evaluating and ranking the quality of educational content generated by large language
models (RQ4).

The main contribution of this research is a structured multi-criteria decision-making
framework under uncertainty for evaluating the quality of LLM-generated educational
content. The study contributes both to the field of software engineering education and to the
field of multi-criteria decision-making by demonstrating that the integration of classical and
fuzzy approaches can provide stable and reliable results in complex evaluation problems
involving subjective expert judgments. However, despite the promising results, this study
has several limitations. The evaluation was conducted on a limited dataset, which may not
fully capture the variability of real-world conditions. Additionally, no external validation
on independent datasets was performed. Therefore, the generalizability of the proposed
framework should be interpreted with caution and remains an open direction for future
research. Future work will focus on evaluating the proposed framework on larger and
more diverse datasets, as well as conducting cross-domain validation to better assess its
generalization capabilities. Additionally, the proposed framework relies on expert-based
evaluations, which are inherently subjective and may introduce bias depending on the
selection and experience of the experts involved. Second, although a fuzzy representation
using triangular fuzzy numbers (TFNs) is employed, the initial judgments are collected in
a crisp form, which limits the extent to which uncertainty is genuinely captured. In this
sense, the adopted fuzzy approach should be interpreted as a simplified representation of
vagueness rather than a comprehensive uncertainty modeling framework. Furthermore,
the parameter A is applied only during the defuzzification stage, which restricts its role to
influencing the final numerical scores rather than enabling full uncertainty propagation
throughout the decision-making process. As a result, the model may not fully reflect the
variability and ambiguity present in real-world decision environments. In addition, the
structure of the criteria and sub-criteria, although carefully designed, may still involve
a degree of overlap or dependency, which is not explicitly modeled within the current
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AHP-based framework. Finally, the results are context-dependent and may vary with
different expert groups, evaluation settings, or alternative methodological choices. Future
research could address these limitations by incorporating more advanced uncertainty
modeling approaches, such as interval-valued judgments, type-2 fuzzy sets, or probabilistic
frameworks, as well as by applying robustness.

Future research should include a larger number of experts, a broader range of educa-
tional topics, and additional LLMs in order to further validate and generalize the proposed
framework. Future studies may also explore the integration of automated evaluation
metrics and LLM-as-a-judge approaches, as well as the application of other multi-criteria
decision-making methods such as TOPSIS, ANP, or VIKOR. Additionally, future work
may consider the use of other types of fuzzy numbers, such as trapezoidal fuzzy numbers,
spherical fuzzy sets, or Z-numbers, to further improve the modeling of uncertainty in
expert evaluations.
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