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Abstract
This thesis explored the use of LLaMa 3.1 for generating and structuring questions
to quizzes within a gamified learning platform aimed at promoting environmen-
tal awareness. To enhance the quality, relevance, and coherence of the generated
questions, two methods were employed: Retrieval-Augmented Generation (RAG)
and Graph-based Retrieval-Augmented Generation (GRAG). By integrating knowl-
edge graphs, the study aimed to improve both the factual accuracy of questions and
the logical consistency of full quizzes.

A two-step evaluation assessed the generated content at both the question and
quiz levels. The findings show that LLaMa 3.1 can generate contextually rele-
vant and educationally useful questions from open-source environmental mate-
rials. However, occasional issues such as ambiguous phrasing and inconsistent
difficulty levels indicate the need for careful prompt design and quality assurance.

Although GRAG did not outperform standard RAG at the question level, it
demonstrated clear advantages at the quiz level, producing quizzes with higher
overall quality and reduced redundancy. These benefits were most evident when
knowledge graphs were smaller and semantically focused, while larger, frag-
mented graphs hindered performance.

Overall, the comparison of RAG and GRAG underscores the importance of bal-
ancing content relevance with structural coherence in automated quiz generation.
While GRAG shows promise for enhancing quiz-level organization, further refine-
ment of knowledge graph construction and integration is required to fully realize
its potential in educational content generation.
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1 Introduction
Memory research has consistently shown that the processes of encoding new in-
formation, storing it over time and retrieving it are interdependent. This is ex-
emplified by the testing effect, which demonstrates that retrieving information
from memory can significantly enhance retention (Rowland, 2014). Quizzes are a
practical application of this effect, making them crucial for students. By regularly
engaging in quizzes, students can reinforce their learning, track their progress and
identify areas that need improvement, ultimately leading to better academic per-
formance and deeper understanding of the material (Mcdaniel et al., 2007). Online
quizzes are regarded as effective learning tools for formative assessments, particu-
larly for students who prefer independent study, as they provide immediate feed-
back on their understanding of key concepts (Aravinthan and Aravinthan, 2010).

However, the process of creating questions which assess the user’s understand-
ing of a piece of text can be labour-intensive (Kumar et al., 2018). As a result, au-
tomatic question generation (AQG) has emerged as a crucial research topic. AQG
techniques have been developed to address the challenges test developers face in
creating a substantial number of high-quality questions. AQG focuses on design-
ing algorithms that generate questions from knowledge sources, which can be ei-
ther structured, like knowledge bases, or unstructured, such as text (Kurdi et al.,
2020a). Over the past few years, various Natural Language Processing (NLP) tech-
niques have been developed to automatically generate questions from provided
material using language models (Lopez et al., 2021; Bhat et al., 2022; Diwan et al.,
2023; Iusztin et al., 2024). These methods have made significant strides in automat-
ing question generation, but they have often been limited in their scope, focusing
mainly on generating factual questions rather than evaluating deeper levels of un-
derstanding (Lohr et al., 2024). Building on the developments in AQG, this research
aims to explore the proficiency of contemporary Large Language Models (LLMs)
in both AQG and the structuring of learning content within the context of cli-
mate change topics. Specifically, it seeks to evaluate how effectively these models
can generate meaningful questions and structure quiz questions, while examining
their potential to improve the overall educational experience in this domain.

Why Large Language Models? The usage of LLMs enables straightforward
and adaptable question generation through a ”plug-and-play” mechanism. These

1



1 Introduction

Pre-trained Language Models (PLM), having been pretrained on extensive web-
scale data, possess a wealth of linguistic knowledge compared to earlier models.
Moreover, they can be effortlessly customized for different generation tasks using
the ”prompting” technique, wherein users specify the desired task as a prompt
(Wang et al., 2023).

Why climate change as context? Climate change serves as an ideal context
for this study due to two primary reasons:

• Relevance and Significance: Climate change is a critical issue of our era,
with global implications for the health of our planet and future generations.
By focusing on this topic—a subject that is both timely and significant—the
research is positioned to have practical and impactful applications.

• Proof of Concept: Limiting the context to climate change allows to demon-
strate the feasibility and effectiveness of this approach. This focused scope
provides a clear and manageable framework for testing and validating the
underlying concepts, making it easier to draw concrete conclusions and de-
velop robust methodologies.

To enhance the quality and relevance of the generated content, this research
will employ Retrieval-Augmented Generation (RAG) and Graph-based Retrieval-
Augmented Generation (GRAG) techniques. Unlike traditional fine-tuning meth-
ods, which are often resource-intensive and ill-suited for dynamic datasets, RAG
decouples knowledge retrieval from the model’s fixed parameters. Instead of rely-
ing solely on the model’s internalized knowledge, RAG retrieves relevant informa-
tion from external sources and incorporates this into the generation process. This
approach helps mitigate hallucinations and enables real-time adaptability, making
it particularly effective for dynamic learning environments (Iusztin et al., 2024).
This research aims to provide a more comprehensive analysis of automatically gen-
erated quizzes by examining them as a cohesive unit rather than focusing solely on
individual question quality. While existing studies often evaluate quiz questions in
isolation, this work emphasizes the overall structure and effectiveness of the quiz
as a whole. Additionally, this study explores the integration of knowledge graphs
to further enhance the quality and relevance of the generated quizzes, an area
that has been underexplored in previous AQG research. By leveraging knowledge
graphs, this work seeks to improve not only the factual accuracy of the questions
but also the logical consistency and educational value of the quizzes, offering a
more holistic approach to automatic question generation.

Having established the significance of quizzes and the potential of LLMs in gen-
erating educational content, this research seeks to answer several critical ques-
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1 Introduction

tions regarding the effectiveness and structure of automatically generated quizzes.
While the integration of LLMs, RAG and knowledge graphs offers a promising ap-
proach, several factors remain to be explored, such as the specific capabilities of
LLMs in structuring content, the impact of knowledge graphs on content qual-
ity and the role of preprocessing as well as prompt engineering in enhancing the
generated content.

1.1 ResearchQuestions
The goal of this thesis is to utilize LLMs for the generation and structuring of
content within a gamified learning platform aimed at promoting environmental
awareness. Leading to the following research questions:

Research Question 1: To what extent can contemporary LLMs (Large Language
Models) adeptly generate questions and effectively structure learning content in the
context of environmental protection topics?

To achieve this, LLaMa 3.1. is utilized for the generation and structuring of
content within a gamified learning platform aimed at promoting environmental
awareness. Data collection involves sourcing open-access materials related to en-
vironmental protection. Users of the learning platform will have the capability to
upload their own materials. Using LLMs, questions are generated from the pro-
vided materials and organized into levels, progressively increasing in difficulty to
enhance the learning experience Gamification is employed to elevate the learning
experience.

Research Question 2: Can Knowledge-Graph-based Retrieval Augmented Genera-
tion enhance the quality of the generated questions?

To address this research question a knowledge graph is constructed for each
provided resource and used in the query to the LLM. The base model uses Re-
trieval Augmented Generation (RAG). RAG effectively mitigates the issue of gen-
erating factually incorrect content and reduces hallucinations (Gao et al., 2024).
RAG-based retrievers primarily focus on individual documents, selecting relevant
candidates based on text similarity. However, in many cases, important correla-
tions among documents are also significant and here knowledge graphs may prove
useful (Hu et al., 2024).

Research Question 3: To what extent is it necessary to preprocess the documents
before prompting the LLM?

Preprocessing documents before prompting LLMs can significantly impact the
quality and relevance of the generated questions. Previous studies have shown that
effective preprocessing can help in focusing the model on the most relevant infor-
mation, thus improving the accuracy and coherence of the outputs. For instance,

3



1 Introduction

Scaria et al. (2024) found that reducing the complexity and amount of information
in prompts led to better performance in LLMs, particularly in generating educa-
tional content.

Research Question 4: In what way can prompt engineering enhance the quality of
the generated questions?

Prompt engineering plays a critical role in optimizing the performance of LLMs.
Techniques such as Chain of Thought (CoT) prompting, providing examples and
including detailed instructions have been shown to guide models in producing
higher quality outputs. Lee et al. (2023) highlighted that using CoT prompting and
including specific examples in prompts helped in generating more structured and
valid educational questions. Additionally, Scaria et al. (2024) observed that prompt
strategies incorporating Bloom’s taxonomy levels improved the cognitive depth
of the questions produced by LLMs, aligning them more closely with educational
objectives.

1.2 Glossary
AI Artificial Intelligence

AQG Automated Question Generation

AEQG Automated Educational Question Generation

CoT Chain of Thought

GRAG Graph-based Retrieval-Augmented Generation

GPT-2 Generative Pre-trained Transformer 2

KB Knowledge Base

KG Knowledge Graph

LLM Large Language Model

ML Machine Learning

NLP Natural Language Processing

NER Named Entity Recognition

PLM Pre-trained Language Model
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QA Question Answering

QG Question Generation

RAG Retrieval Augmented Generation

SQuAD The Stanford Question Answering Dataset

T5 Text-to-Text Transfer Transformer

UI User Interface
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2 Background
The following chapter provides an overview of key concepts and technologies rele-
vant to the study of Automatic Question Generation (AQG) using Large Language
Models (LLMs). The first section introduces AQG, outlining its significance in
educational contexts and its potential applications. The subsequent sections ex-
plore the foundational aspects of LLMs and their underlying principles in Nat-
ural Language Processing (NLP), detailing their structure and capabilities. Spe-
cial attention is given to Prompt Engineering, a critical technique for optimiz-
ing LLM performance, which is further enriched by few-shot learning and out-
put structuring methods. Moving beyond basic LLM capabilities, the chapter also
discusses Retrieval-Augmented Generation (RAG) and Graph-based RAG (GRAG)
techniques, which offer solutions to limitations in model knowledge and reason-
ing, enabling more accurate, up-to-date and context-aware responses (Lohr et al.,
2024).

Together, these section lays the groundwork for understanding how AQG sys-
tems and LLMs work.

2.1 AutomaticQuestion Generation (AQG)
AQG systems have emerged as valuable tools for producing educational questions
from instructional materials, minimizing the need for extensive input from instruc-
tors and domain experts (Nguyen et al., 2022). Over time, multiple strategies have
been developed to address the complexities of AQG, with recent advances high-
lighting the potential of LLMs (Lee et al., 2023; Scaria et al., 2024; Li et al., 2023).

AQG addresses the challenges of creating high-quality test questions by devel-
oping algorithms to generate questions from knowledge sources, which can be
either structured (e.g., knowledge bases) or unstructured (e.g., text) (Kurdi et al.,
2020b). Kurdi et al. (2020b) reviewed AQG literature between 2015 and early 2019
and identified three generation tasks: Preprocessing, Question Construction, Post-
processing.

Preprocessing in AQG involves two types, namely standard preprocessing and
QG-specific preprocessing. Standard preprocessing involves common NLP tasks
like segmentation, sentence splitting, tokenisation, POS tagging, coreference reso-
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2 Background

lution, named entity recognition (NER) and relation extraction (described in 2.2.1).
QG-specific preprocessing focuses on optimizing inputs for question generation by
applying techniques such as sentence simplification, sentence classification, and
content selection (Kurdi et al., 2020b).

Question Construction - the core task in AQG —encompasses a range of pro-
cesses that vary depending on the question type (e.g., multiple-choice, true/false,
or gap-fill) and the desired response format. Key components of this task include
generating the question stem and correct answer, constructing plausible distrac-
tors (i.e., incorrect options), producing informative feedback, and managing the
overall difficulty level of the generated questions (Kurdi et al., 2020b).

Post-processing aims on improving the output questions, typically accom-
plished by two processes: Verbalisation and Question ranking (filtering). Ver-
balisation is defined as any process aimed at enhancing the surface structure of
questions (e.g., improving grammaticality and fluency) or generating variations of
questions through paraphrasing. An over-generate and rank approach is applied
by several of the evaluated generators to prioritise good quality questions. (Kurdi
et al., 2020b)

Building on these foundational AQG components, more recent approaches have
shifted towards leveraging deep learning and, in particular, LLM, which offer new
capabilities for context-aware and scalable question generation (Lohr et al., 2024).
Given their central role in modern AQG systems, it is important to first provide
an overview of large language models (LLMs) and the underlying concepts that
enable their capabilities.

2.2 Large Language Models (LLMs)
Large Language Models are the product of combining natural language processing
(NLP), deep learning (DL) concepts and generative AI models as shown in Figure
2.1.

7



2 Background

Figure 2.1: LLMs in the AI landscape. LLMs in the AI landscape. Where LLMs
are in the AI landscape. Reprinted from Understanding Large Language
Models by Thimira Amaratunga (2023). Copyright by Thimira Ama-
ratunga, 2023.

2.2.1 Natural Language Processing (NLP)
Textual data is inherently unstructured; however, it typically adheres to the syntax
and semantics of a particular language. Whether a single word, a sentence, or an
entire document, all text data is rooted in some form of natural language. To grasp
text analytics and natural language processing, it is essential to understand what
qualifies a language as ”natural.” Simply put, a natural language is one that has or-
ganically developed and evolved through human interaction and communication,
rather than being artificially constructed, such as programming languages (Sarkar,
2019).

LLMs are rooted in NLP, relying heavily on algorithms and representations de-
veloped through decades of research. Consequently, a deep understanding of LLMs
requires familiarity with core principles of NLP. These basic concepts involve Tok-
enization, Stopword removal, Part-of-speech (POS) tagging, Parsing, Word embed-
dings, Named Entity Recognition (NER), Stemming and lemmatization, and Lan-
guage models (Amaratunga, 2023).

Tokenization, the process of breaking down text or character sequences into
smaller parts, called tokens is a crucial preprocessing step. Tokens are the build-
ing blocks for language processing tasks. There are different methods to perform
tokenization according to Amaratunga (2023) which include:

8



2 Background

• Whitespace tokenization: a process where text is split into tokens based on
whitespace like spaces, tabs and newlines.

• Punctuation tokenization: punctuation marks like periods, commas or ex-
clamation marks are used to split the text.

• Word tokenization: language-specific rules are used to split text into tokens.

• Subword tokenization methods, such as byte-pair encoding (BPE) and Sen-
tencePiece, break words into subword units, enabling models to manage out-
of-vocabulary words and handle rare or unseen words more efficiently.

Word embeddings are dense vectors that represent words in a continuous
vector space, with similar words positioned closer to each other, and capture se-
mantic relationships. These semantic relationships enable NLP models to under-
stand word meanings in relation to their context. Similar words are close to each
other in the vector space which allows vector arithmetic for anologies like ’man
is to woman as king is to queen’. Furthermore, word embeddings have a reduced
dimensionality compared to one-hot encodings. One-hot encodings are binary
vectors with the size of the vocabulary whereas word embeddings typically have
a smaller dimension regardless of the vocabulary size. Additionally, word embed-
dings generalize across words since words that share similar contexts typically
have similar embeddings, enabling models to infer the meaning of new words
based on their contextual relationships. Word embeddings are continuous which
enables interpolation and exploration of relationships between words. For exam-
ple adding the vector ”Spain” to ”capital” and subtracting ”France” leads to a vector
close to ”Madrid” (Amaratunga, 2023).

Stopword removal is the process of removing stopwords. Stopwords are fre-
quently used terms (such as ’the’, ’is’ and ’and’) that contribute minimal semantic
value to a text. Eliminating them can reduce noise and enhance computational ef-
ficiency by reducing the dimensionality of input representations and eliminating
frequent but semantically neutral words (Amaratunga, 2023).

Part-of-speech (POS) tagging assigns grammatical labels—such as noun, verb,
or adjective—to words in a sentence, identifying their syntactic function (Ama-
ratunga, 2023).

Parsing refers to the process of examining a sentence’s grammatical structure
to identify how words and phrases are related. Common approaches include de-
pendency parsing and constituency parsing (Amaratunga, 2023).

Named Entity Recognition (NER), also known as entity chunking or entity
extraction, is a widely used technique in information extraction that focuses on
detecting, segmenting and categorizing named entities into predefined classes. In
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2 Background

textual documents, certain terms stand out as they provide more specific informa-
tion and possess a distinct context compared to the rest of the text. These terms,
referred to as named entities, typically represent real-world objects such as indi-
viduals, locations, organizations and similar concepts, often indicated by proper
names. Identifying these entities involves analyzing noun phrases within the text.
Various different frameworks exist for this task for example spaCy 1 (Sarkar, 2019).
Stemming and lemmatization are methods for transforming words into their

base or root forms. For instance, words like ’running’, ’runs’ and ’ran’ can all be
reduced to the root word ’run’ (Amaratunga, 2023). A lemma is the standard or
dictionary form of a group of related words, collectively known as a lexeme. It
serves as the base or headword that represents all variations of that word. Word
forms are the inflected versions of the lemma that appear in actual usage. For
example, in the lexeme (eating, ate, eats), ”eat” is the lemma, while the others are
word forms (Sarkar, 2019).

Language models are predicting the likelihood of a sequence of words oc-
curring in a language by design, hence a probability distribution over sequences
of words. Language models are fundamental to LLMs. There are two categories
of language models: generative language models and predictive language models.
Generative models generate new text by identifying patterns learned from their
training data. Starting from an initial sequence, they produce the next word or se-
quence of words incrementally. Generative models are widely used for tasks like
text generation, story generation, and poetry writing. Predictive models use pre-
vious words as input, predict the most probable next word based on their learned
patterns from training data, and can be used in tasks like autocomplete, next-word
prediction and machine translation (Amaratunga, 2023).

Transformers are the basis for many state-of-the-art language models like
Generative Pre-trained Transformer (GPT), Bidirectional Encoder Representations
from Transformers (BERT) and LLaMa. With the utilization of self-attention mech-
anisms they are able to process words in parallel, enabling them to process long-
range dependencies efficiently. During training the model’s weights are updated
using backpropagation and gradient descent to minimize the prediction error
(Amaratunga, 2023).

The attentionmechanism used in transformers is inspired by the human cog-
nitive process of selective attention on certain elements of sensory information
over others and allows models to focus on specific parts of the input data. The
classic attention mechanism has three main components: the queries (Q) which is
a query vector representing the current element for which the attention is being
computed, keys (K), which are vectors that represent other elements in the se-

1https://spacy.io/
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quence and values (V), which are vectors containing information associated with
each element in the sequence. Attention scores are typically computed using the
dot product between query and key vectors and quantify the similarity between
query and key vectors. To obtain the attention weights a softmax function is ap-
plied to the attention scores, converting the scores into a probability distribution
where the weights sum up to 1(Amaratunga, 2023).

Figure 2.2: The transformer architecture. Reprinted from Understanding Large
Language Models by Thimira Amaratunga (2023). Copyright by Thimira
Amaratunga, 2023.

As shown in Figure 2.2 the transformer architecture consists of tokenizers, em-
bedding layers and transformer layers. The tokenizers convert text into tokens,
the embedding layers convert tokens into semantically meaningful representations
and the transformer layers perform reasoning. The transformer layers can be ei-
ther encoder or decoder. The original architecture consisted of both encoder and
decoder whereas more recent variations use one or the other, for example like
GPT models. The encoder, which is shown in the left side of Figure 2.2, con-
sists of a stack of N identical layers (typically N=6), each containing a multihead
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self-attention mechanism and a feed-forward network. Positional encodings, gen-
erated using sine and cosine functions, are added to input embeddings to incor-
porate word position information, as transformers lack inherent recurrence. The
encoder’s role is to extract meaningful representations from the input for down-
stream tasks or for use in the decoder. The decoder, shown in the right side of
Figure 2.2, is composed of a stack of N identical layers (N=6 in the original paper),
each with three sublayers. The first sublayer applies multihead self-attention to
the output from the previous decoder stack, focusing only on preceding words by
using a masking mechanism to prevent attention to future words in the sequence.
The second sublayer performs multihead attention by combining the previous sub-
layer’s queries with the encoder’s output, allowing the decoder to attend to all
words in the input sequence. The third sublayer is a fully connected feed-forward
network, similar to the one in the encoder. Like the encoder, each sublayer in
the decoder includes residual connections, followed by normalization layers. Po-
sitional encodings are added to input embeddings. The output embeddings are
shifted by one position, ensuring predictions depend only on previously known
outputs. The transformer architecture also introduces key concepts like scaled
dot product and multihead attention. The scaled dot product is used to overcome
the vanishing gradient problem, which occurs when the gradient backpropaga-
tion gets too small preventing the network to learn further. Multihead attention
is used to linearly project the queries, keys, and values h times using a different
learned projection for each of them. Then single attention is applied to each of
the h projections in parallel producing h outputs, which are later concatenated
and projected to produce the result. Multihead attention drives the computational
costs down closer to a single-head attention which improves the training efficiency
(Amaratunga, 2023).

Having outlined the fundamentals of NLP and traditional language models, the
following section introduces LLMs, which build upon these foundations.

2.2.2 Large Language Models
A large language model typically refers to a language model with a significant
number of parameters trained on an extensive dataset. Parameters are the ele-
ments of the model that are learned from the training data throughout the train-
ing process and typically determine how much, or rather how complex represen-
tations of data, a model can learn. The training process of large language models
demands significant computational resources. It is possible to fine-tune large lan-
guage models on specific tasks or datasets once its trained (Amaratunga, 2023).
Large language models can be built using different architectures like Transform-
ers, Recurrent Neural Networks, Convolutional Neural Networks. LLMs can be
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categorized by their training objectives into autoregressive models, autoencoding
models, sequence-to-sequence models or hybrid models (Amaratunga, 2023).

Since LLaMA 3, which is employed in this research for AQG and knowledge
graph construction, is an autoregressive language model, it is important to explain
the core principles of autoregressive modeling to provide the necessary conceptual
foundation.

Autoregressive models are trained to generate one token at a time using pre-
viously generated words as context for future words. This allows them to maintain
context in a text which makes them suitable for dialogue generation, storytelling
or code writing. Additionally autoregressive models are capable of handling long-
range dependencies in text allowing for more coherent and contextually relevant
text generation. Limiting factors in autoregressive models are speed, repetition,
lack of revision and context limit. Autoregressive models can be slower for gener-
ation tasks compared to parallel models, they can get stuck in a loop and generate
repetitive text, can accumulate errors in long sequences since once a token is gen-
erated it can’t be changed and there’s a maximum sequence length (Amaratunga,
2023).

While LLMs show great promise, their capabilities can be further enhanced
through targeted approaches like prompt engineering. This process helps refine
how LLMs interpret and respond to tasks, ensuring greater accuracy and efficiency
(Amaratunga, 2023).

Prompt Engineering

Prompt engineering is the practice of designing effective inputs to influence the
behavior and output quality of LLMs. Since the performance of LLMs heavily de-
pends on how input queries are phrased, well-crafted prompts can reduce am-
biguity, steer the model’s behavior, and customize its responses. This includes
specifying the task clearly, providing contextual information, offering examples
(few-shot learning), rephrasing inputs, or imposing constraints on outputs (Ama-
ratunga, 2023).

Amaratunga (2023) outlines several key principles for optimizing prompts:

• Explicitness: It is important to use precise and clear instructions. For ex-
ample, instead of asking ”Tell me about apples,” you might say, ”Provide a
200-word summary of the nutritional benefits of apples.”

• Examples as Guidance: Examples can illustrate the expected output. For
instance, if you’re instructing the model to convert sentences into questions,
you could offer an example: ”Transform the following sentences into ques-
tions. Example: ’It is raining’ becomes ’Is it raining?’”
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• Iterative Refinement: Prompt engineering often requires refining inputs
based on the model’s output. If a specific phrasing doesn’t yield the desired
results, rephrasing or adding more context can improve the outcome.

• Controlling Verbosity and Complexity: Using phrases like ”in simple
terms,” ”briefly explain,” or ”in detail” can direct the model’s verbosity and
complexity in its responses.

• Systematic Variations: Experimenting with different prompt formulations
helps identify the most effective approach for a particular task.

To engineer prompts effectively when working with LLMs, several techniques can
be employed:

• Prompt templates: involve using fixed structures with variable sections to
maintain consistency, which is useful for tasks like data extraction (Ama-
ratunga, 2023).

• Prompt concatenation: combines multiple prompts or instructions in a
sequence to guide the model more effectively (Amaratunga, 2023).

• Question decomposition: breaks down complex queries into simpler
parts, often leading to more accurate answers (Amaratunga, 2023)

• Prompt priming: introduces context or primes the model with a specific
role, such as asking it to respond as if it were a history teacher, to improve
the quality of the response (Amaratunga, 2023).

Despite its benefits, prompt engineering has limitations. It often requires trial
and error, can be computationally expensive, and may not be sufficient for domain-
specific or complex tasks—where fine-tuning might be necessary. Moreover, over-
reliance on highly specific prompts may reduce generalizability and due to inher-
ent randomness, even well-designed prompts might not yield consistent outputs
(Amaratunga, 2023).

While prompt engineering focuses on shaping the model’s response through
carefully crafted inputs, techniques like few-shot learning provide additional struc-
ture, allowing LLMs to learn more from a limited number of examples. These
methods can be particularly valuable when the task requires specificity or domain
expertise (Ozdemir, 2024).
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Few-Shot Learning Few-shot learning involves providing a language model
with a few examples of a task within the prompt to help it generalize the pattern
and produce more accurate results. This is especially useful for tasks that involve
specific tone, structure, or domain-specific terminology. By learning from a small
number of examples, the model adapts to expectations more effectively (Ozdemir,
2024).

Output Structuring To ensure consistency and facilitate integration with other
systems, prompts can request specific output formats. For example, LLMs can
be instructed to respond in bullet points, numbered lists, or structured formats
like JSON. Structured outputs are easier to parse, analyze, or use in downstream
applications (Ozdemir, 2024).

Chain-of-Thought Prompting Chain-of-thought prompting is a method that
guides LLMs to reason through a series of steps, breaking down complex tasks
into smaller sub tasks. This approach leads to more structured, transparent, and
precise outputs, since the model addresses each sub task in a step-by-step manner.
It also allows for intermediate outputs, making it easier to identify and debug is-
sues. Additionally, this method improves the interpretability and transparency of
the model’s responses, offering insights into the reasoning process and promoting
trust in the model’s decisionmaking (Ozdemir, 2024).

In summary, prompt engineering offers a powerful yet iterative approach to
guide LLM behavior and when combined with techniques like few-shot learning,
output structuring, and chain-of-thought prompting, it can enhance the accuracy,
consistency, and usefulness of model outputs (Amaratunga, 2023; Ozdemir, 2024).
However, despite these advancements, LLMs still face limitations when dealing
with scenarios where access to up-to-date or domain-specific knowledge is cru-
cial. To bridge this gap, Retrieval-Augmented Generation (RAG) emerged as an
effective solution, enabling the model to pull in real-time external data to enrich
its responses and overcome the constraints of static training knowledge (Iusztin
et al., 2024).

Retrieval-Augmented Generation (RAG)

RAG is a technique designed to provide LLMs with access to external data in order
to perform specific tasks more effectively (Iusztin et al., 2024). RAG solves two core
problems: hallucinations and private/unknown information (Iusztin et al., 2024).

When working with data the LLM wasn’t trained on RAG offers a compelling
alternative to fine-tuning, which is an extremely costly operation. Since LLMs are
bound to understanding data they were trained on, which is commonly known
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as parametrized knowledge, access to the latest data or other external sources is
not possible. RAG overcomes these limitations by providing access to external
data(Iusztin et al., 2024). Li et al. (2024) report benefits of combining parametric and
nonparametric memory especially with the generation for knowledge-intensive
tasks.

RAG can increase the accuracy and reliability of generative AI models by fetch-
ing information from external sources. RAG enhances the trustworthiness of the
answers of a LLM because it enforces the LLM to always answer solely based on
the introduced context. The LLM functions as the reasoning engine, whereas the
external information retrieved through the RAG framework serves as the definitive
source of truth for the generated output (Iusztin et al., 2024).

As shown in Figure 2.3 a RAG system is composed of three main components:
Ingestion pipeline, Retrieval pipeline, and Generation pipeline.

Figure 2.3: Vanilla RAG architecture. Reprinted from Engineer’s Handbook:
Master the Art of Engineering Large Language Models from Concept to
Production by P. Iusztin, M. Labonne, J. Chaumond, H. Tahir, and A.
Gulli, 2024, Birmingham: Packt Publishing. Copyright by Packt Pub-
lishing, 2024.
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The RAG ingestion pipeline first extracts raw documents from data sources.
Then in a cleaning process it standardizes and removes unwanted characters from
the data. Next it chunks the data, splitting it into smaller sections to ensure the
model’s input maximum size isn’t exceeded. The embedding model project the
chunk’s content into a dense vector packed with semantic value embeds the docu-
ments. Ultimately, the ingestion pipeline loads the embedded chunks into a vector
storage (Iusztin et al., 2024).

The RAG retrieval pipeline takes an input (text, image, audio, etc.), embeds
it and then performs a query to the vector DB for similar vectors to the input.
The main purpose of the retrieval step is to map the input into the same vector
space as the embeddings stored in the vector database. That way the top K most
similar entries can be identified by comparing the stored embeddings with the
vector representation of the input. These selected entries are then used to enhance
the prompt provided to the LLM for generating a response. To compare two vectors
a distance metric is used. Te most popular distance metric is the cosine distance,
which is equal to 1 minus the cosine of the angle between two vectors (Iusztin
et al., 2024).

The RAG generation pipeline takes the input, retrieves data, passes it to an
LLM and generates a valuable answer. The final prompt is generated by combin-
ing a system and prompt template with the user’s query and the retrieved con-
text(Iusztin et al., 2024).

In summary, RAG enhances LLM performance by combining real-time informa-
tion retrieval with generative reasoning, enabling accurate, context-aware outputs
without requiring costly model retraining (Iusztin et al., 2024).

Graph-based Retrieval-Augmented Generation (GRAG)

While traditional RAG systems help mitigate challenges such as hallucinations and
data updating in LLMs, certain limitations persist. For instance, retrieval from un-
structured text may struggle to capture deeper semantic relationships. To address
this limitation, incorporating knowledge graphs (KGs) into the retrieval process
has emerged as a promising solution. KG store real-world factual knowledge in a
structured format, effectively addressing the weaknesses of RAG technology. By
integrating structured knowledge into the retrieval process, RAG models can bet-
ter grasp the semantics of input queries and perform more effective relationship
inferences using graph-based structures (Xu et al., 2024a).

Knowledge Graphs (KGs) are a type of graph where the emphasis lies on the
contextual understanding. Graphs are simple structures where nodes (or vertices)
are connected by relationships (or edges) to create models of a domain. The most
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popular model for modern graph databases is the property graph model. It de-
scribes nodes as entities in a domain and relationships as how those entities inter-
relate in the domain. (Barrasa and Webber, 2021).

A labeled property graph has the following characteristics according to Robin-
son (2015):

• It contains nodes and relationships.

• Nodes contain properties (key-value pairs).

• Nodes can be labeled with one or more labels.

• Relationships are named and directed and always have a start and end node.

• Relationships can also contain properties

Architecture

Figure 2.4: Knowledge Graph RAG architecture. Reprinted from Retrieval-
Augmented Generation with Knowledge Graphs: A Survey by R.Chen,
2025. Copyright by R.Chen, 2025.

As shown in Figure 2.4 the architecture of RAG with knowledge graphs can be
divided into three essential stages: graph construction, graph retrieval, and aug-
mented generation (Chen, 2025).
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During the graph construction phase, various types of local files are trans-
formed into a knowledge graph using designated methodologies. The effectiveness
of RAG is closely tied to the quality of the underlying knowledge graph. Conse-
quently, a critical challenge at this stage is constructing a dynamic knowledge
graph from diverse data sources while ensuring its accuracy and up-to-date infor-
mation (Chen, 2025).

In the retrieval phase, the user query is semantically compared with elements
in the knowledge graph, enabling the selection of the most relevant subgraphs,
which may vary in granularity (Chen, 2025).

Finally, in the augmented generation phase, the retrieved graph segments
are reformatted into data structures compatible with LLMs and combined with the
original query as input prompts to produce a generated response (Chen, 2025).

In summary, Graph-based Retrieval-Augmented Generation systems enhance
traditional RAG pipelines by integrating structured, semantically rich knowledge
graphs, enabling more precise retrieval and context-aware generation in LLM ap-
plications (Chen, 2025).
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Automatic Question Generation is a prominent research topic. There have been
various Natural Language Processing (NLP) approaches to automatically generate
questions from provided material using language models over the past years for
example by Lopez et al. (2021); Bhat et al. (2022); Diwan et al. (2023); Iusztin et al.
(2024).

3.1 Methodology of Literature Review
To establish a strong theoretical foundation for this research, a structured litera-
ture review was conducted on Automatic Question Generation (AQG) with Large
Language Models (LLMs), including Retrieval-Augmented Generation (RAG) and
Graph-based Retriveal-Augmented Generation (GRAG).

3.1.1 Search Strategy
Relevant literature was identified through academic search engines, including
Google Scholar and TU Graz Library Search. To refine the search, a combination
of keywords and Boolean operators was used shown in Table 3.1. The results were
filtered to include only literature published after 2019, ensuring the relevance and
currency of the selected sources in relation to recent advancements in the field. In
the TU Graz Library Search, the filter was applied to only include peer-reviewed
journals. Resources focusing on Question Answering were excluded. The search
terms described in Table 3.1 were selected to capture both the theoretical develop-
ment of AQG systems and their practical applications in educational and techno-
logical contexts.

The search results were screened in multiple stages. First, title and abstract
screening were conducted to remove irrelevant papers. Next, full-text reviews
were performed to assess methodological rigor and relevance. Finally, key stud-
ies were analyzed in depth, focusing on their contributions to AQG, LLM-based
approaches and educational applications.

Additionally, the citation list of the studied publications were analyzed to iden-
tify further relevant literature, ensuring a comprehensive review of related re-
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Search term GS TGLS
”Automatic Question Generation” AND
(”Large Language Models” OR ”LLaMa” OR ”RAG” OR ”G-RAG”) 231 13

”Prompt Engineering” AND (”Question Generation”
OR ”Educational AI”) 350 5

(”Retrieval-Augmented Generation” OR ”RAG”) AND
”Automatic Question Generation” 119 1

Table 3.1: Total number of publication found with Google Scholar (GS) and TU
Graz Library Search (TGLS)

search.
A summary of the retrieved and selected publications, detailing the total number

of papers initially found and the used search terms, is provided in Table 3.1. The
final selection of publications deemed relevant after screening for in-depth analysis
are listed in Table 3.2.

3.2 State of the Art
In the area of AQG, early rule-based systems relying on predefined templates have
been progressively replaced by sequence-to-sequence networks and transformer-
based architectures, driven by recent advancements in deep learning and neural
networks. The emergence of LLMs in recent years has unlocked new possibili-
ties for overcoming the limitations of earlier Automatic Question Generation sys-
tems, which predominantly generated fact-based questions rather than evaluat-
ing deeper understanding, by leveraging semantics-based approaches (Lohr et al.,
2024).

Table 3.2 provides an overview of the key publications studied in the domain of
AQG, summarizing the models used, datasets employed, evaluation metrics, and
key findings.

21



3 Related Work

Table 3.2: Summary of Key Studies in Automatic Question Generation (AQG)
Study Model(s)

Used
Dataset(s) Evaluation

Metrics
Key Findings

Lopez et al.
(2021)

GPT-2
(124M)

SQuAD BLEU,
ROUGE,
METEOR

best-performing
model outperforms
previous models.
Transformer-based
AQG mainly gener-
ated factual ques-
tions. 88.26% were
identification-type.

Bhat et al.
(2022)

T5 Trans-
former

learning ma-
terials from
a graduate-
level in-
troductory
data science
course at an
R1 univer-
sity in the
northeastern
United States

Information
Score, GPT-3
classification
and Human
evaluation

Used hierarchy
extraction to score
relevance. 74.38%
of questions useful.
Generated mostly
descriptive answers.

Diwan
et al. (2023)

GPT-2 (Fine-
tuned)

Custom
(40GB text)

Human evalu-
ation

Introduced Defi-
nition Generator
for quiz creation.
BERT performed
best for keyphrase
extraction. 79.06%
of questions are
relevant, 84.68%
semantically cor-
rect and 83.12%
grammatically
correct.
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Continued from previous page
Study Model(s)

Used
Dataset(s) Evaluation

Metrics
Key Findings

Bulathwela
et al. (2023)

T5 (Fine-
tuned)

SQuAD, SciQ BLEU,
ROUGE,
METEOR

EduQG models sur-
passed the baseline
Leaf model in nearly
all evaluation mea-
sures. Fine-tuning
with SciQ dataset
improved question
quality.

Lee et al.
(2023)

ChatGPT
(Prompt
Eng.)

two passages
from the
Korean SAT
exam

Human evalu-
ation (expert
review)

Prompting im-
proved question
validity. Struggled
with cloze and
yes/no questions.

Scaria et al.
(2024)

GPT-4, GPT-
3.5, LLaMa-
2, Mistral 7B,
Palm 2

Graduate
Data Science

Human + LLM
evaluation
(Bloom’s
taxonomy)

GPT-4 with CoT
performed best
(94.1% quality). Too
much context re-
duced performance.

Lewis et al.
(2020)

BART-Large
(400M)

Open-
domain QA
datasets

Human evalu-
ation (factual
accuracy)

RAG outperformed
BART in factual ac-
curacy (42.7% cases).

Reddy et al.
(2017)

RNN AQG
Model

QA pairs
dataset

BLEU Early usage of
knowledge graphs
for AQG.

Li et al.
(2023)

KG-
Enhanced
LM

Custom KG
dataset

BLEU-4,
Human evalu-
ation

KGEL improved
multi-hop question
generation, surpass-
ing GPT-2 by 27%
BLEU-4.

Lohr et al.
(2025)

GPT-4-turbo
with RAG

Custom
educational
datasets

Human evalu-
ation

Generated learning
questions were
contextually rele-
vant but required
refinement for ped-
agogical accuracy.
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Continued from previous page
Study Model(s)

Used
Dataset(s) Evaluation

Metrics
Key Findings

Sayed et al.
(2024)

Falcon, Orca,
LLamA-
2, Google
Gemini

User-
uploaded
PDF docu-
ments (Linux
Server Ad-
ministration)

Human evalu-
ation (contex-
tual relevance)

Google Gemini out-
performed all mod-
els in question qual-
ity and relevance.

The studies summarized in Table 3.2 can be broadly grouped into three key cat-
egories based on their methodological approaches: (1) neural and transformer-
based models, (2) large language models (LLMs), and (3) retrieval-augmented gen-
eration (RAG) and knowledge graph (KG)-enhanced methods. The following sec-
tions provide a detailed discussion of the publications within each of these cate-
gories, highlighting their unique contributions, methodologies, and findings.

3.2.1 Neural and Transformer-based Models
With the advent of neural networks and transformer-based architectures, question
generation (QG) has seen significant advancements utilizing models with deeper
semantic understanding to capture intricate relationships within the input text.
The adoption of deep learning and neural network models enabled the genera-
tion of more contextually relevant, diverse, and grammatically coherent questions,
moving beyond simple extraction-based approaches to more sophisticated gener-
ative techniques. Traditional rule-based and statistical methods have given way
to deep learning approaches that leverage large-scale pretraining and fine-tuning
techniques (Lohr et al., 2024). In particular, transformer models like GPT-2 and T5
have demonstrated strong capabilities in generating fluent and contextually rele-
vant questions (Lopez et al., 2021; Bhat et al., 2022; Diwan et al., 2023). This section
reviews several key studies that employ neural and transformer-based models for
automatic question generation.

One of the influential works in the area of transformer-based architectures is by
Lopez et al. (2021) who explored the application of GPT-2 for question generation
on The Stanford Question Answering Dataset (SQuAD). Lopez et al. (2021) used the
124M parameter GPT-2 as their base model on The Stanford Question Answering
Dataset (SQuAD) showing that transformer models can be used to create question
generation systems. They finetuned six Question Generation (QG) models and
trained for 3 epochs using the Adam optimizer. For the paragraph-level question
generation they used the top-p nucleus sampling method with a value of p=0.9 and
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a temperature of 0.6. They evaluated the performance using automatic evaluation
metrics such as BLEU 1, BLEU 2, BLEU 3, BLEU 4, ROUGE L ad METEOR on two
approaches: One Question Per Line and All Questions Per Line. In their experi-
ments, the One Question Per Line model achieved the best scores, although the
difference compared to the other approach was relatively small. Their best per-
forming model outperforms previous more complex RNN-based Seq2Seq models,
with an 8.62 and a 14.27 increase in METEOR and ROUGE L scores. They observed
failed generations characterized by repetitive loops of the last three words and in-
stances where the question was prematurely truncated. As a possible explanation
for the first type of failure, they propose that the model’s attention weights may
become evenly distributed across a set of seemingly random positions. Rather than
guiding the model toward selecting the most appropriate next token, the attention
mechanism becomes ineffective—introducing noise and leading to confusion in the
generation process. The second type of failure is believed to occur when the model
reaches the maximum generation length while still copying text from the context,
resulting in incomplete or abruptly ended outputs. Their analysis suggests that a
context length of around ten sentences yields the best results (Lopez et al., 2021).
Their approach shows limitations, since the majority of generated questions show-
case only a straightforward extraction from the provided context because 88.26%
of questions fall under the identification type (Diwan et al., 2023).

While Lopez et al. (2021) demonstrated the potential of transformer-based archi-
tectures like GPT-2 for generating fluent questions from SQuAD, their approach
primarily focused on direct extraction-based questions with limited conceptual
depth. Building upon this foundation, Bhat et al. (2022) extended the capabili-
ties of transformer models by incorporating a structured concept hierarchy and a
more comprehensive evaluation framework. Their work utilized the T5 model for
question generation and a hierarchy extraction model on the text content to score
the generated questions based on their relevance to the extracted key concepts.
As dataset Bhat et al. (2022) used the learning materials from a graduate-level in-
troductory data science course at an R1 university in the United States. The hi-
erarchy of concepts is extracted using the MOOCCubeX pipeline, which enables
weakly supervised, fine-grained concept extraction from a given corpus— without
the need for expert-labeled data or manual intervention. For the task of Question
Generation they finetuned T5 on SQuAD, a reading comprehension dataset. Bhat
et al. (2022) performed a three way evaluation using Information Score (IS), GPT-
3 classification and Expert evaluation. To evaluate the quality of the generated
questions, a combination of automated and human-centered metrics was applied.
A custom metric, the Information Score, was introduced to measure how closely
each question aligns with key concepts extracted during the concept hierarchy
phase. For each question qq, the score is computed as the proportion of its tokens
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that match the identified concept set CC, thereby normalizing for question length.
In addition, GPT-3 was used for binary classification of questions as either useful
for learning or not useful. A question was considered useful if it directly assessed
domain knowledge, while questions related to prerequisites or vague topics were
labeled as not useful. The GPT-3 model was fine-tuned on the LearningQ dataset,
which contains over 5,600 annotated student questions. To further ensure quality,
an expert evaluation was conducted. Two data science instructors with over five
years of teaching experience independently rated each question using the same
classification criteria. The inter-rater reliability (Cohen’s K = 0.425) indicated mod-
erate agreement, with a 75.59% match rate. Disagreements were resolved through
discussion, ensuring that every question was reviewed and classified by both hu-
man evaluators and the GPT-3 model. In this study, a total of 203 questions were
generated using a hierarchical content structure across module, unit, and title lev-
els. Of these, 151 questions (74.38%) were classified as useful for learning by a
fine-tuned GPT-3 model. A comparison with expert ratings showed agreement in
135 cases (66.5%), with the remaining differences analyzed qualitatively. The au-
thors found that expert raters tended to favor questions that either established a
clear context or targeted specific concepts. Conversely, questions that were vague
or overly general—despite being relevant in theme—were often deemed not useful
by experts but still rated positively by the model. This revealed GPT-3’s limitations
in discerning conceptual specificity (Bhat et al., 2022). Diwan et al. (2023) however
stated that the questions mostly lead to descriptive answers which is not ideal for
multiple choice question types.

While Bhat et al. (2022) advanced transformer-based question generation by in-
tegrating concept hierarchies and multi-faceted evaluation techniques to enhance
alignment with learning objectives, further refinements in semantic depth and
question variety were explored by Diwan et al. (2023). Their work shifted focus
toward the generation of more diverse quiz formats—namely Overview and Reflec-
tion quizzes—by combining multiple semantic extraction methods with a custom
natural language generation component built on GPT-2. This approach empha-
sized not only question relevance but also the generation of well-structured defi-
nitions and key concepts, aiming to broaden the scope and applicability of auto-
matically generated quizzes. Their pipeline consists of multiple components based
on different semantic models and a natural language generation (NLG) component
which uses GPT-2. They propose a NLG model called Definition Generator which
creates natural language text in form of definitions for a given keyword or concept.
For their Definition Generator they fine-tuned GPT-2 on 40GB of Internet text. For
the task of generating overview quizzes, they first extract key-phrases and topical
anchors from the resources, identity the main theme and passed the description
of the main theme to the Definition Selector. For the key-phrase extraction Di-
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wan et al. (2023) evaluated different extraction methods, namely EmbedRank, TF-
IDF, Nopund keyphrase extraction and BERT based key-phrase extraction. BERT
perfomed best on their corpus. The top ranked key-phrase represents the topical
anchor for the learning resource in their approach. Their human evaluation con-
cluded that 79.06% of the generated questions are relevant to the learning source,
84.68% are semantically correct, and 83.12% are grammatically correct. The human
evaluation of the options of the MCQ resulted 88.6% in a good clarity, 61.4% of
the semantic options are close enough to the correct option, 54.2% of the syntactic
options are close enough to the correct option (Diwan et al., 2023).

In parallel to these efforts, Bulathwela et al. (2023) pursued a different direc-
tion by focusing on improving both the predictive accuracy and linguistic quality
of educational questions through their Leaf system. Their work centered on fine-
tuning a T5 model with the SQuAD dataset and further pretraining it on the SciQ
dataset—a collection of crowd-sourced science exam questions—aiming to enhance
the generation of coherent and diverse questions for educational quizzes. Bulath-
wela et al. (2023) used the Leaf system which finetunes T5 with SQuAD dataset
as baseline and additionally pretrained it with the SciQ dataset, which is a col-
lection of crowd-sourced scientific exam questions covering physics, chemistry,
and other science. Their evaluation of the Question Generation (QG) models con-
sidered two key quality aspects: (i) prediction accuracy and (ii) linguistic quality
of the generated questions. To measure prediction accuracy, the BLEU score and
F1 score, were employed. For assessing linguistic quality, the perplexity, and di-
versity scores were used. A lower perplexity indicates greater coherence in the
generated questions, while the diversity score reflects the variability of the vocab-
ulary. Higher diversity values, when coupled with lower perplexity, suggest that
the model generates questions with both grammatical precision and a richer vo-
cabulary. The study demonstrated that the proposed EduQG models (Small and
Large) consistently outperformed the baseline Leaf model across both predictive
and linguistic quality metrics. In particular, EduQG Large achieved the highest re-
sults across most predictive metrics (e.g., BLEU-1 = 29.19, F1 = 33.18) and attained
improved diversity (0.749), with statistically significant improvements (p < 0.01).
Overall, the EduQG models surpassed the baseline Leaf model in nearly all eval-
uation measures when generating educational questions on the SciQ test dataset
(Bulathwela et al., 2023).

Building on the foundational work of transformer-based models, recent ad-
vancements have been marked by the emergence of LLMs. These models have
substantially redefined the landscape of AQG, offering enhanced capabilities in
both scalability and contextual understanding, as evidenced in the works of Lee
et al. (2023); Scaria et al. (2024) and Li et al. (2023).
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3.2.2 Large Language Models (LLMs)
The rise of LLMs has significantly transformed the processes of question genera-
tion and answering, with these models increasingly taking on the responsibility of
Automatic Question Generation (AQG), as demonstrated in the works of Lee et al.
(2023); Scaria et al. (2024) and Li et al. (2023).

Lee et al. (2023) aimed to develop a validated AQG system using LLMs like Chat-
GPT, enhanced through prompt engineering techniques. To evaluate their system,
they conducted a combination of interviews and questionnaires, assessing both
the prompting manual and the generated questions with input from experts and
English teachers. In the study, the authors selected two passages from the Ko-
rean SAT exam for crafting English questions using ChatGPT. The passages cho-
sen were structured and consistent in format, making them ideal templates for
the automated generation of questions. The study specifically used one literary
passage and one non-literary passage to ensure a comprehensive evaluation that
captures potential variations in question types. Their findings indicate that inte-
grating LLMs with prompt engineering results in statistically significant improve-
ments in question validity. However, certain question types, such as cloze and
yes-no questions, were found to be less effective. For cloze items, ChatGPT often
misplaced blanks, highlighting a limitation in handling such formats. Addition-
ally, the generated yes-no questions tended to be overly complex, making them
difficult to understand. Lee et al. (2023) attribute this issue to ChatGPT’s tendency
to produce hallucinations—plausible but incorrect responses—particularly in com-
plex tasks. Furthermore, open-ended questions intended for yes-no responses re-
ceived lower evaluation scores. Reviewers noted that these questions often focused
on less relevant passages and exhibited unclear structures, reducing their quality,
which mirrors the issues with yes-no and cloze questions (Lee et al., 2023).

While Lee et al. (2023) demonstrated the potential of leveraging LLMs like Chat-
GPT combined with prompt engineering to enhance the validity of automatically
generated questions, their work primarily focused on English reading compre-
hension tasks within a narrowly defined context. Expanding on this foundation,
Scaria et al. (2024) conducted a broader, comparative evaluation across multiple
state-of-the-art LLMs, incorporating diverse prompting strategies and targeting
higher-order educational question generation aligned with Bloom’s taxonomy.
Their study not only explored the influence of model size and prompt complex-
ity but also assessed the applicability of LLMs in domain-specific, graduate-level
instructional contexts.

Scaria et al. (2024) examined the ability of five state-of-the-art LLMs of different
sizes, namely Mistral 7B, LLaMa 2 70B, Palm 2, GPT 3.5, GPT 4 for the task of au-
tomated educational question generation (AEQG) for a graduate-level data science
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course. They set the temperature to 0.9 to enhance variety and diversity in generat-
ing the questions. They examined different prompt styles/strategies each differing
in complexity. They used zero-shot and few-shot techniques as well as Chain of
Thought (CoT) prompting. The first prompt strategy was to augment prompts with
CoT instructions aiming to make the LLM think sequentially and include the per-
sona of a graduate-level university course instructor creating questions for their
students. The second prompt strategy included definitions of the six cognitive lev-
els of the Bloom’s taxonomy aiming to enhance the quality of the questions. The
third strategy included an example for each of Bloom’s taxonomy level. They per-
formed a human evaluation as well as a LLM evaluation and concluded that the hu-
man evaluation proves to be more effective in their case. In their human evaluation
they presented experts with LLM-generated questions in random order along with
the course topic and let the experts assess the questions with a hierarchical nine-
item rubric which includes the items Understandable, TopicRelated, Grammatical,
Clear, Rephrase, Answerable, Central, WouldYouUseIt, Bloom’s Level. If any of
the items is assessed with no, none of the other subsequent items are evaluated
to streamline the evaluation process and minimize time as well as effort required
for the experts. For Scaria et al. (2024) the generated questions are considered as
high quality if the criteria Understandable, Grammatical, Clear and Answerable are
marked with yes and WouldYouUseIt is marked with yes or maybe by the experts.
Their experiments concluded that LLMs can produce high-quality and diverse ed-
ucational questions aligned with Bloom’s taxonomy but the performance varies
based on the size of the model and the prompting style. In the human evaluation
GPT 4 scored highest of all models using a CoT & skill explanation prompt with
94.12% in Quality and 89.53% in Skill. LLaMa 2 70B scored received the highest
score in the human evaluation using the CoT & example prompt with 77.45% in
Quality and 45% in Skill. In the automated evaluation of the automatically gener-
ated questions GPT 3.5 with a simple prompt technique scored highest in Quality
with 82.35% and Palm 2 using Cot & skill explanation in the prompt scored highest
in Skill with 49.25%. LLaMa 2 70B scored highest using a CoT & example prompt
with 80.39% Quality and 40.24% Skill. They also concluded that using a lot of infor-
mation significantly reduces the performance of LLMs, especially for open-source
models. Scaria et al. (2024) describe limitations of the models in the understanding
of specific domains and conclude that Retrieval-Augmented Generation (RAG) can
address those limitations (Scaria et al., 2024).
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3.2.3 Retrieval-Augmented Generation (RAG) and
Knowledge Graphs

Traditional fine-tuning methods, although effective, are often resource-intensive
and impractical for dynamically changing datasets or domain-specific applications.
RAG offers a compelling alternative by decoupling knowledge retrieval from the
model’s fixed parameters. Instead of relying solely on the model’s internalized
(parametrized) knowledge, RAG architectures retrieve relevant context from ex-
ternal sources and condition the generation process on this retrieved information.
This approach not only mitigates hallucinations but also enables real-time adapt-
ability without retraining the model (Iusztin et al., 2024).

Lewis et al. (2020) explored the efficiency of RAG for knowledge-intense NLP
tasks using BART-large, a pre-trained seq2seq transformer with 400M parameters.
The authors propose two RAG model variants: one that conditions on the same
retrieved passages for the entire generated sequence and another that allows dif-
ferent passages for each token. Both variants leverage dense retrieval (using DPR)
to fetch relevant documents and then generate text by attending to the retrieved
information. The models are evaluated on a range of tasks including open-domain
question answering, abstractive question answering, Jeopardy question generation
and fact verification. Evaluators found that BART was more factual than RAG in
just 7.1% of cases, whereas RAG was more factual in 42.7% of cases. Additionally,
both RAG and BART were factual in a further 17% of cases. This clearly demon-
strates RAG’s effectiveness on the task compared to the state-of-the-art generation
model. Furthermore, evaluators noted that RAG’s outputs were significantly more
specific (Lewis et al., 2020).

Building on the foundational demonstration of RAG’s effectiveness for
knowledge-intensive NLP tasks by Lewis et al. (2020), subsequent work by Lohr
et al. (2025) extended the application of RAG architectures to the educational do-
main. By integrating RAG with GPT-4-turbo, their study shifted the focus from
general factual generation to the more nuanced task of producing pedagogically
meaningful learning questions, thereby evaluating the model’s suitability for in-
structional content creation. Lohr et al. (2025) conducted an expert-based evalu-
ation of RAG integrated with GPT-4-turbo, investigating its capacity to generate
learning questions that are not only contextually relevant but also pedagogically
meaningful. Their system generated five questions per topic. Their findings in-
dicate that the generation of structural and semantic annotations by LLMs was
largely effective. In contrast, the performance declined notably when generating
relational annotations. The resulting questions frequently failed to meet estab-
lished educational quality standards. These outcomes suggest that, while LLMs
hold promise as tools for augmenting the development of learning materials, their
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current capabilities necessitate substantial human oversight and refinement to en-
sure pedagogical appropriateness and content validity (Lohr et al., 2025).

In a more application-focused approach, Sayed et al. (2024) leveraged RAG for
the task of AQG, utilizing advanced LLMs including Falcon, Orca, LLaMA-2 and
Google Gemini. Their system enables users to upload PDF documents, from which
a knowledge base is automatically constructed through document embedding. This
knowledge base then serves as the retrieval component, supplying relevant context
to the language model during prompt generation, thereby enhancing the contex-
tual accuracy and relevance of the generated questions. The dataset employed in
this study was derived from a user-uploaded file, which served as the primary input
for the model’s output generation. Specifically, the investigation utilized the PDF
version of Linux Server Administration by Wale Soyinka as the source material
for generating questions. A Linux domain expert conducted a manual review of
approximately 1,400 questions generated by the models, assigning scores for both
overall quality from 1 to 5 and contextual relevance from 0 to 1. The evaluation
revealed notable performance differences among the models. Falcon received the
lowest average rating (1.82) and relevance score (0.45), indicating poor alignment
with user expectations. Orca demonstrated moderate improvement, achieving a
rating of 3.58 and a relevance score of 0.87. LLaMa-2 further improved with a 3.68
rating, although its relevance score (0.85) was slightly lower than that of Gem-
ini. Google Gemini outperformed all other models, attaining the highest average
rating (3.92) and relevance score (0.90), reflecting superior question quality and
contextual fit (Sayed et al., 2024).

This section has highlighted the growing role of RAG as a scalable and adapt-
able alternative to traditional fine-tuning methods in AQG. By retrieving external
knowledge at generation time, RAG mitigates hallucinations and enhances con-
textual relevance, as demonstrated across diverse tasks—from open-domain QA
to educational content creation. Recent studies have applied RAG-integrated sys-
tems with advanced LLMs, such as GPT-4-turbo, LLaMa-2 and Google Gemini, to
produce high-quality and contextually grounded learning questions. According to
Lewis et al. (2020), RAG-generated outputs were found to be more specific com-
pared to traditional generation methods, and Lohr et al. (2025) highlighted that,
while LLMs show promise in assisting the creation of learning materials, they still
require significant human involvement and refinement to ensure that the ques-
tions are pedagogically sound and valid. Despite these advancements, challenges
remain in ensuring the generation of relationally accurate questions.

One promising direction for enhancing AQG systems involves the integration
of Knowledge Graphs (KGs), which offer structured, domain-specific knowledge
that can enrich RAG systems by improving factuality and enabling more complex
reasoning.
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Knowledge Graphs inQuestion Generation

Structured knowledge sources such as Knowledge Graphs (KGs) provide a promis-
ing extension to RAG systems in the area of AQG, particularly for enhancing fac-
tuality and enabling complex reasoning as demonstrated in the work of Li et al.
(2023).

While Knowledge Graph-based Retrieval-Augmented Generation has been pre-
dominantly applied to Question Answering (QA) tasks—such as in the works of He
et al. (2024), Xu et al. (2024b) and Wiratunga et al. (2024)—its potential for educa-
tional Question Generation (QG) with LLMs remains underexplored. Reddy et al.
(2017) employed an RNN-based model to generate QA pairs from KGs, while Li
et al. (2023) proposed a multi-head attention generation module integrated with
KGs.

Recent advancements in natural language processing have significantly en-
hanced the capabilities of AQG. Traditional QG models predominantly focus on
single-hop reasoning, wherein questions are derived from isolated sentences.
However, such models fall short in capturing the complexity of multi-hop reason-
ing, which involves synthesizing information across multiple sentences or docu-
ments. This limitation has prompted the development of more sophisticated mod-
els that can emulate human-like reasoning. In response to this challenge Li et al.
(2023) proposed a novel framework namely the Knowledge Graph-Enhanced Lan-
guage Model (KGEL), specifically designed to facilitate multi-hop question gen-
eration (MHQG). The model is grounded in a three-phase architecture: (1) con-
text understanding, (2) reasoning and (3) generation. Initially, a pre-trained GPT-2
model is employed to encode the input context and corresponding answer, yielding
a rich semantic representation. Subsequently, named entities within the context
are extracted using a BERT-based named entity recognition (NER) model and a
knowledge graph is constructed to represent the relational structure among these
entities. To enhance reasoning over this structured information, the authors intro-
duced an answer-aware graph attention network (GAT). This module selectively
emphasizes entities relevant to the target answer, thereby simulating a human-like
chain of reasoning. A bi-attention mechanism further updates the answer repre-
sentation by aligning it with entity-level information. The final phase involves a
multi-head attention-based decoder, which leverages the enriched contextual em-
beddings to generate fluent, logically consistent questions. Experimental evalu-
ations were conducted on the HotpotQA dataset, a benchmark for multi-hop QA
and QG tasks. The KGEL model demonstrated substantial improvements over base-
line models, including standard GPT-2 and other seq2seq variants. Notably, KGEL
achieved a 27% increase in BLEU-4 score relative to GPT-2, alongside improve-
ments in ROUGE-L and METEOR metrics. Human evaluations corroborated these
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findings, highlighting significant gains in fluency, completeness, and answerabil-
ity. An ablation study revealed that the removal of core components—such as the
graph attention mechanism or the multi-head attention module—led to a marked
decline in performance, underscoring the effectiveness of the proposed architec-
ture. Despite its strengths, the authors acknowledged certain limitations, particu-
larly in terms of dataset diversity and the model’s capacity to discern subtle seman-
tic relationships. Future work may benefit from integrating external commonsense
knowledge bases, employing copy mechanisms and expanding to more diverse
training corpora to further enhance the model’s reasoning capabilities. Overall,
KGEL represents a promising advancement in the field of question generation, of-
fering a structured and interpretable approach to multi-hop reasoning through the
integration of knowledge graphs and pre-trained language models (Li et al., 2023).

Seyler et al. (2017) use knowledge graphs for automatic question generation.
Their question generation system consists of three major components: query gen-
eration, difficulty estimation, and query verbalization. For the generation of mul-
tiple choice questions a fourth component is added which can generate distrac-
tors and quantify their impact on question difficulty. The approach proposed by
Seyler et al. (2017) begins by selecting a named entity from the knowledge graph
to serve as the correct answer. It then constructs a structured triple-pattern query,
which is formulated to retrieve only that specific entity. In the case of multiple-
choice question generation, additional entities are selected as distractors. Finally, a
template-based verbalization method is employed to convert the structured query
into a natural language question. Seyler et al. (2017) employed YAGO2s as the ref-
erence knowledge graph, which comprises approximately 2.6 million entities and
300,000 types organized in a hierarchical structure. It includes over 100 distinct
predicates, collectively forming more than 48 million factual assertions. YAGO en-
tities are linked to corresponding Wikipedia entries, while YAGO types are aligned
with WordNet synsets or Wikipedia categories. To estimate question difficulty,
the approach utilizes the ClueWeb09 and ClueWeb12 document collections, along
with FACC annotations provided by Google. These annotations offer semantic dis-
ambiguation of named entities from Freebase, which are subsequently mapped to
YAGO2s using their associated Wikipedia articles. Thirteen evaluators participated
in the study, each assessing an average of 92.5 questions. The difficulty rankings
generated by the classifier showed a moderate level of agreement with the human
judgments (Seyler et al., 2017).

3.2.4 Summary
The integration of LLMs into AQG, has significantly advanced the development
of educational tools. Early studies, such as those by Lee et al. (2023), demon-
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strated that LLMs like ChatGPT, when paired with prompt engineering techniques,
can generate valid and contextually relevant questions. However, the research
highlighted limitations, particularly in generating certain question types such as
cloze and yes-no questions, where issues like misplaced blanks and overly complex
structures were prevalent (Lee et al., 2023).

Further investigations, such as those by Scaria et al. (2024), revealed that the
quality of questions generated by LLMs can be significantly influenced by the com-
plexity of the prompts used. While these studies focused primarily on evaluating
the individual quality of each question, they still face the limitation that no work
explicitly evaluated the generation of entire quizzes—a necessary extension to en-
sure that these questions work cohesively in larger educational assessments. The
task of ensuring that a series of generated questions are coherent, pedagogically
aligned, and balanced at the quiz level remains unexplored in these studies.

Retrieval-Augmented Generation (RAG) offers an important advancement by
decoupling the fixed parameters of traditional LLMs from the task of dynamically
retrieving relevant knowledge from external sources. This approach reduces hallu-
cinations and enables models to adapt in real time without the need for retraining
(Iusztin et al., 2024). Studies such as Lewis et al. (2020) have demonstrated RAG’s
ability to generate more factual and contextually specific outputs compared to tra-
ditional sequence-to-sequence models. Similarly, Lohr et al. (2025) showed that
when LLMs like GPT-4-turbo are augmented with external retrieval, they are capa-
ble of producing structurally and semantically relevant questions. However, these
evaluations were again conducted on the individual questions, not on the ability to
generate a full set of questions that would constitute a well-balanced and coherent
quiz.

The practical applications of RAG for AQG, as seen in Sayed et al. (2024), fur-
ther underscore the value of integrating domain-specific retrieval systems. Their
findings revealed that models like Google Gemini were particularly effective in
producing questions that were both high in quality and relevance to the source
material. Nonetheless, their analysis, like others, focused on evaluating question-
level outputs rather than assessing how well these questions could function to-
gether within an integrated quiz or assessment framework. Thus, the need for
holistic evaluation at the quiz level remains an open challenge in the field.

In addition to RAG, Knowledge Graphs (KGs) have shown promise in improving
multi-hop reasoning in AQG. The Knowledge Graph-Enhanced Language Model
(KGEL), proposed by Li et al. (2023), represents a significant step forward by inte-
grating graph-based reasoning with LLMs to generate multi-hop questions. This
approach outperformed standard models in terms of fluency and logical consis-
tency. However, like all prior works, this research was limited to question-level
evaluation and did not assess the model’s ability to generate full quizzes with in-
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terconnected questions that test a range of cognitive skills or cover diverse aspects
of the subject matter.

Although Knowledge Graphs also hold potential for improving AQG, as seen in
the work by Seyler et al. (2017), which employs KGs for multiple-choice question
generation, the research still focused primarily on generating individual questions,
without investigating how these isolated items could be combined into a larger
educational context. This point is critical, as generating individual questions that
are valid and relevant is only one aspect of creating comprehensive, balanced, and
effective quizzes.

In summary, while the integration of LLMs, RAG and KGs has substantially ad-
vanced the field of AQG, the research to date has largely been limited to the eval-
uation of individual questions rather than fully constructed quizzes. As a result,
this study aims to explore how these models can be utilized not only to generate
individual questions but also to ensure that they work together cohesively as part
of a larger, pedagogically sound quiz. Moreover, further work is needed to im-
prove the overall coherence and quality of quizzes, ensuring they are aligned with
educational goals, represent a balanced range of cognitive skills and are suitable
for diverse learning contexts.

3.3 Research Gap
Despite the advancements in AQG using models like OpenAI’s GPT-3, existing
solutions are often cloud-based, raising concerns regarding privacy and the high
costs associated with long-term usage. While GPT-3 has proven effective, these
issues limit its accessibility and scalability for widespread use, particularly in pri-
vate or sensitive contexts. This thesis aims to address these concerns by leveraging
LLaMa-3, an open-source language model that can be deployed locally. LLaMa-3
not only offers a more cost-effective solution but also mitigates privacy concerns,
enabling secure and sustainable experimentation in AQG tasks.

Additionally, while RAG has shown promise in enhancing the factuality and
adaptability of question generation systems, its use in AQG remains underex-
plored, particularly in terms of leveraging domain-specific knowledge through
the integration of Knowledge Graphs (KGs). This study aims to bridge this gap
by investigating the potential of KGs to further enrich RAG systems, improving
both the factual accuracy and the complexity of questions generated. In terms of
evaluation, most existing studies primarily focus on basic metrics like grammat-
ical correctness and topic relevance. However, the absence of a comprehensive
evaluation framework specific to quiz question generation, especially for educa-
tional purposes, limits the understanding of how well these systems perform in

35



3 Related Work

real-world, applied scenarios. Automated evaluation metrics, while widely used,
often fall short in assessing the pedagogical and contextual relevance of the gen-
erated questions. This research proposes a more nuanced evaluation framework
that emphasizes the quality of questions within a quiz context, considering expert-
based evaluations to ensure questions are not only relevant but also meaningful
for educational settings.

Lastly, datasets like SQuAD are highly generalized and may not capture the nu-
ances of specialized domains. To address this, this thesis uses the MIT Explainer
dataset, offering a more focused context for evaluating question generation in tech-
nical fields. This allows for a deeper exploration of how question generation mod-
els can be tailored to domain-specific knowledge, enhancing the relevance and
applicability of the generated questions.

By addressing these gaps, this thesis aims to contribute to the development of
more accurate, useful, and contextually relevant question generation systems, par-
ticularly in the educational domain.
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Use cases are essential in translating user needs and system requirements into ac-
tionable functionality. In the context of the Automatic Question Generation (AQG)
system, identifying and understanding the personas and use cases helps ensure
that the system is designed to meet the real-world needs of its users, including
teachers and students. These use cases guide the development process, ensuring
that the system is both functional and intuitive, while addressing the specific chal-
lenges faced by users in educational environments. Furthermore, well-defined use
cases are critical in establishing clear requirements, validating system function-
ality and ensuring that the system aligns with user expectations. Research has
shown that user-centered design, based on detailed use case scenarios, leads to
more effective and engaging software solutions (Nielsen, 1994; Sharp et al., 2007).

4.1 Personas

4.1.1 Teacher
The teacher persona represents individuals who are responsible for delivering ed-
ucational content and assessments. Teachers may use the AQG system to create
quizzes, enhance learning materials and evaluate student comprehension. They
prioritize efficiency in producing high-quality, relevant questions and value tools
that allow them to adjust quiz content and difficulty to align with the diverse needs
of their students.

• Name: Christina, University Science Teacher

• Age: 35

• Goals:
– Create quizzes aligned with curriculum goals.
– Save time in generating diverse and challenging questions.
– Improve student engagement through interactive quizzes.

• Challenges:
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– Difficulty in finding time to manually create and curate quiz questions.
– Need for personalized, adaptive learning tools for diverse student

groups.

4.1.2 Student
The student persona represents individuals engaged in learning, either in a formal
or informal context. They will interact with the quizzes generated by the AQG
system to assess their knowledge and enhance their learning. Students may value
quizzes that are relevant to the material, offer appropriate difficulty and provide
meaningful feedback.

• Name: Nina, University Student

• Age: 21

• Goals:
– Improve knowledge and comprehension of course material.
– Engage with quizzes that challenge but don’t frustrate them.
– Receive feedback after quizzes to track their progress.

• Challenges:
– Struggles with too easy or irrelevant quiz questions.
– Requires guidance on areas where improvement is needed.

4.2 Use Cases

4.2.1 Use Case 1: Teacher
Scenario: Christina, a university science teacher, wants to quickly generate quizzes
for her students based on the content covered in recent lessons. Using the AQG
system, she inputs a set of educational articles or lessons and the system automat-
ically generates a series of questions that are aligned with the material. She is able
to customize the difficulty of the questions and review the generated output before
presenting it to her students.

Actors: Teacher (Christina), AQG System
Preconditions:
Teacher has input educational material (e.g., articles, textbooks) into the system.
Teacher has access to the AQG system and is logged in.
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Steps:
Teacher uploads content or provides links to lessons.
AQG system generates quiz questions.
Teacher reviews, edits and customizes the questions.
Teacher generates and distributes the final quiz to students.
Postconditions:
Teacher has a ready-to-use quiz with appropriate questions for the students.

4.2.2 Use Case 2: Student
Scenario: Nina, a university student, uses the AQG system to practice for an
upcoming exam. After studying the course material, she accesses the generated
quizzes based on the topics she has learned. The system presents her with a vari-
ety of questions and upon completion, she receives feedback to understand which
areas need more focus.

Actors: Student (Nina), AQG System
Preconditions:
Student has access to the AQG system.
Student has already studied the relevant course material.
Steps:
Student selects a quiz based on the material they wish to review.
Student completes the quiz.
Student receives feedback on their answers and areas for improvement.
Postconditions:
Student has reinforced knowledge and identified weak areas to focus on.

4.3 Requirements

4.3.1 Functional Requirements
A functional specification defines what a system should do, grounded in a clear
understanding of the domain and organizational context. This ensures that stake-
holders—customers, users and developers—share a common understanding of the
problem the system is intended to solve (Loucopoulos and Karakostas, 1995). Based
on this definition, the functional requirements specify the system’s core capabili-
ties to support its educational purpose and meet the needs of teachers and students.
These include:
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• Automatic Question Generation: The system must be able to automati-
cally generate quiz questions based on a provided text, such as educational
articles.

• Customizable Question Difficulty: The system should allow teachers to
set the difficulty level of questions, adjusting the complexity based on the
target audience.

• Review and Edit: Teachers should be able to review, modify and customize
the generated questions before finalizing them.

• Feedback Generation for Students: The system should provide students
with feedback after they complete a quiz, indicating correct/incorrect an-
swers and areas for improvement.

4.3.2 Non-functional Requirements
Ameller et al. (2012) conducted interviews with 13 experienced software architects
to identify the most significant non-functional requirements commonly prioritized
in software systems. The study highlighted the following as particularly relevant:
performance, usability, security, availability, interoperability, maintainability, ac-
curacy, fault-tolerance, reusability, scalability, modularity, monitoring and porta-
bility.

Building on the insights of Ameller et al. (2012), the key non-functional require-
ments for the automatic question generation and quiz application developed in
this thesis are outlined below. Each requirement has been selected based on its
relevance to the system’s intended functionalities and user interactions:

• Performance: The system should generate questions and deliver quizzes
promptly, ensuring minimal waiting time for users. High performance is
critical to maintain user engagement, especially when processing lengthy
texts or managing multiple concurrent quiz participants.

• Scalability: The system should be able to handle a large number of users
and large input resources without significant performance degradation.

• Usability: The interface should be intuitive and user-friendly for both teach-
ers and students.

• Security: The system must ensure that data, especially sensitive student
information, is securely handled and stored.

• Accessibility: The system should be accessible to users with disabilities,
adhering to Web Content Accessibility Guidelines (WCAG) guidelines.
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4.3.3 Contextual Requirements
Contextual requirements refer to system needs that arise directly from the environ-
ment in which the software will be used. They are elicited within the user’s actual
work setting to ensure that the software aligns with real-world usage conditions
and constraints (Keller, 2011). These requirements help capture critical environ-
mental, organizational and technical factors that conventional elicitation methods
may overlook. The following are key examples of contextual requirements for this
system:

• Compatibility: The system should work across common web browsers
(Chrome, Firefox, Safari) and devices (PCs, tablets, smartphones).

• Localization: The system should be adaptable to various languages, en-
abling users to interact with it in their language of choice.

4.4 Quality Attributes

4.4.1 Usability
Usability is a key quality attribute for this system, particularly since both teachers
and students will interact with it frequently. The system must offer an intuitive
user interface that requires minimal training. According to Nielsen (1994), learn-
ability is one of the most fundamental usability attributes. Features such as the
quiz creation tool, difficulty adjustments and progress tracking should be clearly
accessible. The inclusion of tutorials or help sections will support users unfamil-
iar with the platform. Another important usability attribute identified by Nielsen
(1994) is efficiency, which ensures users can perform tasks quickly and effectively.
Additional attributes include memorability, so returning users can easily reestab-
lish proficiency after a period of not using the system; error management, where
the system should minimize the occurrence of errors and help users recover from
them easily; and satisfaction, meaning the platform should offer a pleasant and
engaging user experience.

4.4.2 Gamification
Gamification elements, such as leaderboards, scoring systems and achievement
badges, should be integrated to enhance user engagement, particularly for stu-
dents. These elements may provide motivation and foster a sense of achieve-
ment, making the learning process more interactive and enjoyable. The leader-
board will allow students to track their progress and compare their performance

41



4 Use Cases & Requirements

with peers, while achievement badges will reward them for reaching milestones in
their learning journey. In their systematic review of nine studies examining the im-
pact of gamification on student motivation and academic performance, Jaramillo-
Mediavilla et al. (2024) found that 56% of the reviewed articles reported that in-
corporating gamification into educational contexts enhances student engagement,
participation and motivation. These studies highlighted benefits such as increased
autonomy, knowledge acquisition, competence, collaboration and the develop-
ment of academic skills aligned with students’ basic psychological needs. Addi-
tionally, 33% of the studies implemented gamified elements like missions, badges,
points, challenges, levels and avatars in their activities (Jaramillo-Mediavilla et al.,
2024).

4.5 User interface
The user interface (UI) of the AQG system plays a crucial role in bridging the inter-
action between users and the underlying automated question generation capabil-
ities. It has been thoughtfully designed to balance functionality with ease of use,
catering to the diverse needs of both teachers and students within an educational
setting. The UI supports core workflows such as quiz creation, quiz participation
and performance feedback, ensuring that users can seamlessly navigate the system
to accomplish their goals.

4.5.1 Homepage
The homepage shown in 4.1 serves as the central hub of the application. When
logging in, users are greeted with a dashboard summarizing available quizzes. For
teachers, the homepage provides quick access to quiz creation, editing tools and
analytics on student performance.
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Figure 4.1: UI Homepage with Quizzes

The homepage serves as the central hub of the application. When logging in,
users are greeted with a dashboard summarizing available quizzes. For teachers,
the homepage provides quick access to quiz creation, editing tools and analytics
on student performance.

Students are presented with quizzes sorted by topic and completion status. Vi-
sual cues and progress bars allow users to immediately assess their ongoing learn-
ing progress. The layout emphasizes simplicity and responsiveness across devices,
supporting contextual requirements such as compatibility and non-functional re-
quirements such as accessibility.
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Figure 4.2: UI Student Dashboard

The student dashboard shown in Figure 4.2 offers a dynamic and engaging in-
terface that includes a leaderboard displaying top-performing peers, a progress
pie chart visualizing the student’s completion status across assigned quizzes and
a countdown timer indicating the remaining time until quiz deadlines. Addition-
ally, students can personalize their experience by changing their nickname which
is shown in the leaderboard.

(a) (b)

Figure 4.3: UI Chat Window Homepage
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The chat feature integrated into the homepage shown in Figure 4.3 allows users
to ask questions related to the content of the quiz, providing real-time clarification
and support. A loading indicator is displayed while the system processes the query,
as it communicates with the LLM to generate a response. For teachers, this feature
could help track frequently asked questions or common areas of confusion, pro-
viding useful data to adjust quiz content and identify topics that may need further
emphasis in future lessons.

4.5.2 Editing Page
The editing page shown in Figure 4.4 is tailored for the teacher persona, enabling
full control over the generated content. After initial automatic generation, teach-
ers can review the list of questions, edit or delete any that do not meet pedagogical
goals and reorder questions for optimal flow. The interface supports bulk editing
and previewing the quiz in student mode. This feature addresses functional re-
quirements such as customizability and review capabilities.

Figure 4.4: UI Editing Page of Quiz

4.5.3 Game Page
The game page shown in Figure 4.5 is styled to resemble the popular game show
Millionenshow and transforms quiz-taking into an interactive experience, espe-
cially targeted at students like Nina. It incorporates gamification elements such
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as scoring and progress milestones. Users receive immediate visual and auditory
feedback for each answer — cheering sounds and celebratory animations reinforce
correct responses, while subtle, empathetic sounds indicate incorrect ones. Points
are awarded based on performance, contributing to the user’s overall score and
progress, thereby possibly enhancing motivation through instant recognition and
reward.

Figure 4.5: UI Game Page of Quiz

During gameplay, students can access an embedded chat assistant shown in Fig-
ure 4.6 for hints, clarifications, or explanations related to the quiz content. This
feature not only supports real-time formative feedback but also fosters a sense of
guided learning.
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Figure 4.6: UI Chat Window in Game Page of Quiz

The user interface has been deliberately designed to fulfill the functional, non-
functional and contextual requirements outlined earlier in this chapter. Func-
tionally, it enables automatic question generation, teacher review and editing and
detailed feedback for students—all presented through intuitive components such
as the quiz editor, chat interface and feedback modules. Non-functionally, the
UI prioritizes usability through a clean, responsive layout; performance through
lightweight, fast-loading components; and accessibility by following best prac-
tices such as high-contrast visuals and keyboard navigability. Additionally, it sup-
ports scalability through modular page design and ensures compatibility across
devices and browsers. Gamified elements like the Millionenshow-style quiz game,
leaderboard and progress tracking directly address user motivation and engage-
ment, aiming at enhancing the system’s educational impact.
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5 Problem Statement
Given a set of materials:

M = {m1,m2, . . . ,mn}

where eachmi represents a document or piece of content related to climate change,
the task is to develop a system that generates a set of quizzes:

Q = {Q1, Q2, . . . , Qp}

where each quiz Qi consists of a set of quiz items:

Qi = {q1, q2, . . . , qk}.

We define a mapping function:

φ : Q→M

where φ(qi) maps each quiz item qi ∈ Q to exactly one material mn ∈ M . This
indicates the specific document or content that informs quiz item qi.

We introduce the following sets:

• D = {1, 2, 3, 4, 5} — the set of possible difficulty ratings (from 1 = not diffi-
cult to 5 = very difficult), where di ∈ D is the difficulty of quiz item qi.

• T = {MCQ, True/False} — the set of question types.

• D — the set of possible distractors for multiple choice questions. For each
quiz item qi of type MCQ, the distractors set is Di = {z1, z2, z3, z4}, where
exactly one element is the correct answer ai and the remaining three are
plausible distractors.

• A — the set of correct answers derived from mn, where for true/false ques-
tions, ai ∈ {True, False} and for multiple-choice questions, ai ∈ Di.

For each qi ∈ Qi:
ψ(qi) = (φ(qi), di, ti, ai,Di)

where:
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• φ(qi) = mn ∈M — the actual question derived from mn

• di ∈ D — difficulty rating

• ti ∈ T — question type (multiple choice (MCQ) or True/False)

• Di ⊆ D — distractors (for MCQs)

• ai ∈ A — correct answer derived from mn, where:
– ai ∈ {True, False} for true/false questions,
– ai ∈ Di for multiple-choice questions, with one being the correct an-

swer

Each quiz item qi should meet the following criteria:

• Relevance: The generated question should be relevant to the document.

• Educational Usefulness: The generated question should be relevant and
useful to the learning objectives of the material.

• AnswerQuality / Plausibility: The generated answer should be relevant
to the learning objectives of the material and distractors should be plausible.

• Difficulty Rating The generated question should be assigned a difficulty
level on a scale from 1 (not difficult) to 5 (very difficult), indicating the cog-
nitive challenge it presents to enable content structuring.

• Question TypeThe generated question should be categorized as either mul-
tiple choice or true/false, depending on which format best assesses the in-
tended knowledge or skill.

The entire quiz set Qi should meet the following criteria:

• Educational Value: The generated quiz should enhance the learner’s un-
derstanding of the material. It should reinforce key concepts, stimulate criti-
cal thinking and support deeper engagement with the course material, mak-
ing it a valuable educational tool in both self-study and instructional settings.

• Redundancy: The generated quiz should consist of a diverse set of ques-
tions with minimal repetition. In the best case, each question offers a unique
angle or concept, contributing new value to the learner’s assessment expe-
rience without duplicating content.
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• Progressiveness: The questions should be arranged in a pedagogically
meaningful order—starting with basic factual recall and gradually increasing
in complexity to include conceptual reasoning and applied understanding.

• OverallQuality: The generated quiz should be clear, well-balanced, free of
errors, and engaging. It should be suitable for real-world deployment in ed-
ucational environments, demonstrating strong alignment with instructional
goals and learner needs.
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This chapter outlines the methodology used in developing the system, with a fo-
cus on ensuring reproducibility and clarity. The structure follows a top-down ap-
proach, beginning with conceptual foundations and progressing to detailed imple-
mentation steps. This organization enables a thorough understanding of both the
theoretical basis and practical execution of the system.

6.1 Concepts
The recent adoption of large language models (LLMs) has significantly advanced
the field of Automatic Question Generation (AQG), allowing for the creation
of high-quality, contextually relevant questions with minimal human oversight.
However, deploying LLMs in domain-specific applications typically requires fine-
tuning, which is often computationally expensive and demands substantial an-
notated data (Iusztin et al., 2024). To address these challenges, this study adopts
a Retrieval-Augmented Generation (RAG) approach, enhancing the base model’s
capabilities without the need for retraining, as demonstrated in prior works such
as Lewis et al. (2020); Lohr et al. (2025); Sayed et al. (2024).

6.1.1 Retrieval-Augmented Generation (RAG)
RAG integrates a retrieval component with a generative model, allowing the sys-
tem to dynamically query external knowledge sources during inference. This
method enriches the model’s context with relevant data, thereby improving the
factuality and specificity of generated content. In doing so, RAG minimizes the risk
of hallucinated outputs, a known issue in artificial intelligence-generated content
(AIGC) systems (Zhao et al., 2024a). Additional technical details and background
on RAG can be found in Chapter 3 and Section 2.2.2.

6.1.2 Graph-Retrieval-Augmented Generation (GRAG)
While RAG has demonstrated strong performance and is widely adopted across
fields, it encounters notable limitations in real-world settings. Traditional RAG
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often treats textual information as isolated pieces, failing to capture structured
relational knowledge, such as citation links between academic papers, which go
beyond simple semantic similarity. Additionally, by concatenating numerous text
snippets into prompts, RAG can produce overly long contexts where crucial in-
formation gets lost, a problem known as the ”lost in the middle” effect. Moreover,
since RAG typically retrieves only a subset of documents, it struggles to gain a
comprehensive understanding of global information, which hampers its effective-
ness in tasks like Query-Focused Summarization (QFS) (Peng et al., 2024).

To further enhance semantic reasoning and entity understanding, the system
extends RAG by incorporating knowledge graphs. This approach, referred to as
Graph-based Retrieval-Augmented Generation (GRAG), facilitates deeper seman-
tic associations between context elements and augments retrieval quality which
has been shown in prior work by Li et al. (2023).

Property Graph Index

A Property Graph Index consists of nodes and edges, each annotated with arbi-
trary key–value properties and labels. This graph-based representation allows for
enriched querying and structured retrieval (Robinson, 2015). More information is
provided in Section 2.2.2.

6.2 System Implementation
This section details the implementation architecture and associated technologies
used to realize both the RAG and GRAG systems.

6.2.1 LLaMa 3.1 (8B)
The project employs the LLaMa 3.1 (8B) model in GGUF quantized form1, em-
ploying the the Meta-Llama-3.1-8B-Instruct-Q5 K M.gguf variant with a size of
4.92GB for efficient inference. This quantized version leverages Q5 K M quantiza-
tion to strike a balance between performance and efficiency, significantly reducing
memory and compute requirements with minimal loss in accuracy. The model is
deployed locally using llama.cpp2, a high-performance C++ inference engine de-
signed for efficient execution on resource-limited systems. This configuration en-

1https://huggingface.co/bartowski/Meta-Llama-3.
1-8B-Instruct-GGUF

2https://github.com/ggerganov/llama.cpp
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ables fast and cost-effective inference, making it well-suited for experimentation
and production in constrained environments (Dhar, 2023).

Figure 6.1 illustrates the llama.cpp configuration used in this research.

Figure 6.1: llama.cpp Configuration

LLaMA (Large Language Model Meta AI) is a family of transformer-based foun-
dation models ranging from 7B to 65B parameters, designed to deliver state-of-
the-art performance using only publicly available datasets. LLaMA demonstrates
that open, efficiently trained models can outperform or match closed models like
GPT-3 and Chinchilla, despite having fewer parameters (Touvron et al., 2023). The
latest iteration, LLaMA 3 (2024), further extends this family, offering models with
8B and 70B parameters and introducing significant improvements in reasoning,
code generation and instruction-following. LLaMA 3.1 (2024) refines the models
with even larger context windows (128K) and further enhancements in alignment
and safety (Meta AI, 2024a).

LLaMA builds upon the Transformer architecture which is described in chapter
2 with several modern optimizations (Touvron et al., 2023):
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Feature Change Inspiration
Pre-normalization LayerNorm applied to sub-

layer inputs
GPT-3

RMSNorm RMS normalization instead
of LayerNorm

Zhang & Sen-
nrich (2019)

SwiGLU Activation Replaces ReLU with SwiGLU PaLM
Rotary Positional Embed-
dings

Removes absolute positional
embeddings

GPT-Neo

Causal Multi-Head Attention Memory- and compute-
efficient attention

Dao et al. (2022),
xformers

Table 6.1: LLaMA Architecture Optimizations. Adapted from Touvron et al. (2023)

LLaMA is trained on publicly available datasets. LLaMA 1 uses a 1.4 trillion
token dataset, while LLaMA 3.1 scales this up to a 15 trillion token corpus (Tou-
vron et al., 2023; Meta AI, 2024a). The dataset composition is visualized in Table
6.2. LLaMa models are trained using the AdamW optimizer (Loshchilov and Hut-
ter, 2017), with hyperparameters β1 = 0.9 and β2 = 0.95 . A cosine learning
rate schedule is employed, where the learning rate decays to 10% of its maximum
value by the end of training. A weight decay of 0.1 and gradient clipping at 1.0 are
applied. The training setup includes 2,000 warmup steps, with both the learning
rate and batch size scaled according to the model size (Touvron et al., 2023).

Dataset % of Data Notes
CommonCrawl 67% Cleaned with CCNet pipeline
C4 15% Processed CommonCrawl variant
GitHub 4.5% Code under permissive licenses
Wikipedia 4.5% 20 languages
Gutenberg + Books3 4.5% Public domain and The Pile
arXiv 2.5% Scientific papers
StackExchange 2% High-quality Q&A

Table 6.2: LLaMA 1 Pretraining Dataset Composition. Adapted from LLaMA: Open
and Efficient Foundation Language Models, by H. Touvron, T. Lavril, G.
Izacard, X. Martinet, M.-A. Lachaux, T. Lacroix, B. Rozière, N. Goyal, E.
Hambro, F. Azhar, A. Rodriguez, A. Joulin, E. Grave, G. Lample, 2023,
arXiv (https://arxiv.org/abs/2302.13971).
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Figure 6.2: LLaMa 3.1 Architecture. Reprinted from Introducing Llama 3.1:
Our most capable models to date, by Meta AI, 2024, Meta AI Blog
(https://ai.meta.com/blog/meta-llama-3-1/). Copyright 2024 by Meta
Platforms, Inc.

LLaMA 3 introduces an enhanced tokenizer (improved handling of non-English
text), a 128K context window in LLaMA 3.1 and optimized architecture for effi-
ciency and factuality (Meta AI, 2024a).

LLaMA 3.1 is an auto-regressive language model (see more information in chap-
ter 2) built on an optimized transformer framework, shown in Figure 6.2. The
instruction-tuned variants are aligned with human preferences for helpfulness and
safety through supervised fine-tuning and reinforcement learning guided by hu-
man feedback (Meta AI, 2024b).

6.2.2 RAG
This subsection details the implementation of the Retrieval-Augmented Genera-
tion (RAG) system, focusing on the technologies and processes used to enhance
question generation by incorporating external retrieval mechanisms.

Technology stack

The following outlines the technology stack utilized for building the RAG sys-
tem, covering frontend and backend frameworks, database management tools and
model deployment strategies.
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Figure 6.3: Technology Stack RAG

As illustrated in Figure 6.3, the architecture includes a React3-based frontend
and a Python4-powered backend using Flask5. The backend integrates an SQLite6

database managed through SQLAlchemy7 for efficient database interactions. For
question generation, LLaMA 3.1 is utilized, coupled with a FAISS8 vector store to
enhance retrieval capabilities and optimize performance.

Workflow

The workflow outlined in this section describes the sequential steps involved in
document ingestion, retrieval and automated question generation, providing a de-
tailed view of the system’s operational process.

3https://react.dev/
4https://www.python.org/
5https://flask.palletsprojects.com/en/stable/
6https://www.sqlite.org/
7https://www.sqlalchemy.org/
8https://github.com/facebookresearch/faiss
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Figure 6.4: Workflow RAG

The RAG pipeline, depicted in Figure 6.4, is implemented using LangChain9.
LangChain facilitates document ingestion, preprocessing, embedding and orches-
tration of retrieval queries.

File preparation and index creation As shown in figure 6.4 the PDF docu-
ment is loaded with PyPDFLoader. In the preprocessing step the document is
split using RecursiveCharacterTextSplitter. It sequentially attempts to divide the
text using these characters until the resulting segments are sufficiently small. By
default, it prioritizes splitting at paragraph breaks (“\n\n”), followed by line breaks
(“\n”), spaces (“ ”) and finally individual characters. This approach helps preserve
the semantic structure of the text, keeping paragraphs, sentences and words intact
whenever possible to maintain coherence (LangChain, 2024). Then the reference
list is removed since including it leads to useless questions.

Then sentence-transformers/all-mpnet-base-v2 10 is used to create embeddings
from the split text.

The embeddings and splits are then used to create a FAISS vectorstore.

9https://python.langchain.com/docs/introduction/
10https://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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Question generation For the task of question generation LangChain’s Conver-
sationalRetrievalChain with the vectorstore as a retriever is used.

LlamaGrammar is used to restrict the output to JSON.

Prompting

The process of prompt generation involved a step-by-step refinement approach,
where the initial prompt was incrementally enhanced through desktop research
and iterative testing. This iterative process ensured that the final prompt was well-
tuned to generate contextually relevant and high-quality questions. The refined
version of the prompt, which serves as the foundation for the question generation
process, is presented in Figure 6.5.

Figure 6.5: Question Generation Prompt RAG

6.2.3 GRAG
This subsection describes the implementation of the Graph-based Retrieval-
Augmented Generation (GRAG) system, an extension of the traditional RAG ap-
proach that integrates knowledge graphs to enhance semantic reasoning and re-
trieval accuracy.
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Technology stack

The GRAG architecture extends the RAG pipeline by integrating knowledge graph
functionality through LlamaIndex11. LLaMa 3.1 is employed to extract entities and
relationships from PDF resources and construct corresponding knowledge graphs,
which are subsequently stored in NebulaGraph12.

Workflow

In this task LlamaIndex is used to load documents, construct the knowledge graph
and automatically generate quiz questions by querying LLaMa 3.1.

File preparation and graph construction The pdfs are converted to Mark-
down files. Documents are ingested using the MarkdownReader component
of LlamaIndex. Preliminary evaluations demonstrated that converting PDFs to
Markdown significantly improved content fidelity, particularly for tabular data.
This preprocessing step preserved semantic structures such as headers and ta-
bles, which were frequently misinterpreted or omitted during direct PDF parsing,
thereby enhancing the overall quality of document embeddings and retrieval. Then
a PropertyIndex is generated from the loaded document, the knowledge graph is
constructed with the use of LLaMa 3.1 with SimpleLLMPathExtractor and a con-
figuration of maximum 10 paths per chunk.

The SimpleLLMPathExtractor generates a foundational knowledge graph with-
out relying on a fixed schema. While it can uncover a broad variety of relation-
ships, it may show inconsistencies in how entities and relations are named. The
resulting graph often contains the widest variety of entities and connections. It is
best suited for exploratory tasks where the goal is to identify as many potential
relationships as possible for RAG applications, without focusing on specific entity
types (LlamaIndex Contributors, 2025).

The MarkdownNodeParser13, which splits the document into nodes using Mark-
down header-based splitting logic is used as node parser in the PropertyIn-
dex.from documents functionality.

The prompt proposed by LlamaIndex shown in Figure 6.6 is used to extract im-
portant entities and relationships.

11https://docs.llamaindex.ai/en/stable/
12https://www.nebula-graph.io/
13https://docs.llamaindex.ai/en/v0.10.17/api/llamaindex.core.
nodeparser.MarkdownNodeParser.html
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Figure 6.6: Knowledge Graph Generation Prompt

Llamaindex provides functionality for constructing and querying a graph with
the PropertyGraphIndex 14 class. The PropertyIndex is then used as a retriever for
LLaMa 3 via the QueryEngine15 interface.

Question generation For the task of automated question generation the query
engine interface is used which provides functionality to query large language mod-
els. The query engine uses LLMSynonymRetriever and VectorContextRetriever (if
embeddings are enabled) as sub retriever per default. The LLMSynonymRetriever
processes the query by generating relevant keywords and synonyms to retrieve
associated nodes along with the paths connected to those nodes. The VectorCon-
textRetriever dentifies nodes by their vector similarity and subsequently retrieves
the paths linked to those nodes (LlamaIndex Developers, 2024).

To identify the most influential nodes within the knowledge graph, the Degree
Centrality algorithm is applied. This algorithm measures the importance of a node
based on the number of direct and indirect connections it has within a specified
number of steps. Nodes with higher degree centrality are considered more central
and influential in the network structure (NebulaGraph, 2023).

The following Cypher query is executed to calculate the degree centrality:

14https://docs.llamaindex.ai/en/stable/moduleguides/indexing/
lpgindexguide/

15https://docs.llamaindex.ai/en/stable/moduleguides/deploying/
queryengine/
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MATCH ( n ) −[ r ]−>(m)
RETURN n , COUNT( r ) AS c o n n e c t i o n s
ORDER BY c o n n e c t i o n s DESC
LIMIT 5

The top five nodes with the highest centrality scores are selected and incorpo-
rated into the question generation prompt. This guides the language model toward
focusing on the most significant concepts, thereby improving the relevance and
depth of the generated questions.

Prompting

The prompt used for question generation, as shown in Figure 6.7, closely mirrors
the structure employed in the RAG pipeline. However, in the GRAG approach, it is
further enriched by incorporating key topics identified through the Degree Cen-
trality algorithm from the knowledge graph. By integrating these central concepts,
the prompt ensures that the GRAG pipeline can leverage the relational data from
the knowledge graph.

Figure 6.7: Question Generation Prompt GRAG

61



6 Methods

6.3 Methodological Limitations
While the RAG and GRAG systems proposed in this study represent significant
advancements in automated question generation, certain limitations must be ac-
knowledged. First, the retrieval and knowledge graph construction processes are
inherently dependent on the quality and completeness of the source documents.
Incomplete, noisy, or biased input data could adversely affect both retrieval accu-
racy and the semantic relevance of generated questions (Zhao et al., 2024b).

Moreover, the construction of the knowledge graph itself, which relies on
the LLaMa 3.1 model to extract entities and relationships, introduces an addi-
tional layer of variability. Errors or incomplete extractions during the extraction
phase—such as missed entities, incorrect relationship mappings, or hallucinated
links—can propagate through the graph and ultimately influence the relevance, co-
herence and factual correctness of the generated questions. Since the LLM-based
extraction is probabilistic and context-sensitive, its outputs may occasionally mis-
interpret nuanced domain-specific information, especially in complex or technical
documents (Zhu et al., 2024)

Furthermore, although the adoption of LLaMa 3.1 (8B) and optimized retrieval
strategies mitigates computational burdens, real-time scalability for significantly
larger datasets may still present practical challenges.
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7.1 Evaluation methodology
This chapter describes the evaluation methodology used to assess the effectiveness
of the proposed approach for automatic question generation (AQG).

7.1.1 Human Evaluation
A two-phase human evaluation framework was implemented to assess both the
quality of individual questions and their collective performance within structured
quizzes.

1. Question-Level Evaluation: In the first step, 36 evaluators independently
assessed the quality of individual questions. Each of the 120 generated
quizzes was rated by two evaluators. The goal was to determine which of the
two methods produced higher-quality questions based on predefined evalua-
tion criteria. Each evaluator was presented with the source article alongside
the generated questions from both methods, shown individually in random-
ized order to minimize bias and ensure a fair comparison.

2. Quiz-Level Evaluation: After identifying the method that produced the
best results, a secondary evaluation was conducted at the quiz-level. In this
phase, a competent evaluator assessed a subset of the generated quizzes,
focusing on their overall quality, coherence, and effectiveness as complete
assessments. The subset included the five highest-rated quizzes as well as
the five lowest-rated quizzes for each method respectively. This step en-
sured that the evaluation moved beyond assessing individual questions in
isolation, instead considering how well they functioned together within a
structured quiz format.

This two-phase evaluation approach provided both insights at the question-level
and a holistic assessment of the quiz structure.
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7.1.2 Evaluation onQuestion-Level
This section presents the evaluation framework for assessing the quality of ques-
tions generated by the AQG system. It details the selection of evaluators, the cri-
teria employed to assess question quality and the procedural steps taken to ensure
consistency, reliability, and unbiased results in the evaluation process.

Evaluator Selection

The human evaluation on question-level was carried out by a group of 36 evalua-
tors with diverse academic and professional backgrounds. All evaluators were at
least at the college level, holding a Matura or equivalent qualification and many
had experience working in the software development field. The group included
teachers, technicians, and scientists, each bringing unique perspectives to the
evaluation process. Importantly, all evaluators had undergone extensive learning
themselves at various stages of their academic and professional careers, making
them well-suited to judge the relevance, difficulty, quality, and educational value
of the generated questions. This combination of diverse backgrounds and first-
hand learning experience ensured a broad and balanced approach to assessing the
quality of the generated material.

Evaluation Criteria

As highlighted by Kurdi et al. (2020b), the establishment of precise evaluation cri-
teria is fundamental for producing accurate and meaningful insights during expert
review processes.

Kurdi et al. (2020b) conducted a review of 93 papers published between 2015 and
early 2019 that focused on AQG for educational purposes. This study summarized
the evaluation metrics employed in these papers, highlighting the most commonly
used criteria.

Building upon the work of Kurdi et al. (2020b), the most frequently used eval-
uation criteria from these studies were reviewed, as shown in Table 7.1 and those
most relevant to the present research were selected. Grammatical correctness was
deliberately excluded from the evaluation, based on the assumption that it would
be less critical, since modern Large Language Models (LLMs) generally demon-
strate high grammatical proficiency.
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Criterion Frequency
Statistical difficulty and reviewer rating of difficulty 19
Question acceptability 17
Grammatical correctness 14
Semantic ambiguity 11
Educational usefulness (i.e., usability in a learning context) 10
Relevance to the input 8
Domain relevance 6
Fluency 6
Distractor quality or plausibility 16
Answer correctness or distractor correctness 4

Table 7.1: Evaluation criteria and their frequency of use, adapted from Kurdi et al.
(2020b).

Therefore the following criteria were used, each rated by evaluators using a 5-
point Likert scale:

• Relevance: This measures how well the question aligns with the source
material or topic it is intended to assess. A relevant question should directly
reflect key concepts, facts, or themes from the associated content. Irrele-
vant questions may focus on tangential or unrelated information. Guiding
Question: Does the question test knowledge or skills directly related to the
topic?

1 = Not relevant, … , 5 = Highly relevant

• Difficulty: This evaluates how challenging the question is for the intended
audience (college-level learners). It considers the complexity of the concepts,
the level of reasoning required and familiarity of the terminology. Guiding
Question: Is the question appropriately challenging for the target audience?

1 = Simple, … , 5 = Difficult

• Educational Usefulness: This assesses whether the question effectively
supports learning objectives. An educationally useful question reinforces
key concepts and promotes critical thinking. Guiding Questions: Does the
question help reinforce important learning outcomes? Would answering or
discussing this question help deepen understanding?

1 = Not useful, … , 5 = Highly useful
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• AnswerQuality / Plausibility: This measures the quality of the answer in
general, incorrect answer choices (distractors). Good distractors should be
plausible enough to challenge learners but clearly incorrect with sufficient
knowledge. Poor distractors may be too obviously wrong, irrelevant, or mis-
leading. Guiding Question: Are the distractors believable and relevant to the
topic?

1 = Low, … , 5 = High

Additionally a checkbox for flawed items was integrated into the evaluation
interface, accompanied by the following instruction:

Please check this box if the quiz item does not make sense, is factu-
ally incorrect, the supposed answer is incorrect or the article does not
provide enough material to answer the question.

This checkbox functioned as a true/false option, allowing evaluators to easily flag
items with issues. It combined the evaluation criteria of grammatical correctness,
semantic ambiguity, answer, and distractor correctness and fluency, as identified
in the literature review by Kurdi et al. (2020b), into a single, streamlined action.

Evaluation Procedure

For the human evaluation on the question-level, a dedicated website was hosted,
which was password-protected to ensure that only authorized evaluators could
participate. Evaluators were asked to complete a series of evaluations, with the
option to proceed to another evaluation once they finished the current one. This
approach was designed to ensure that evaluators remained focused and attentive
for each task, with the ability to stop the evaluation at any time if they no longer
wished to continue.

To support engagement and evaluator motivation, the platform incorporated a
progress bar, providing real-time visual feedback on completion status. This fea-
ture helped evaluators track their progress and motivated them to finish each eval-
uation.

Additionally, a leaderboard and scoring system were implemented to encourage
participation and foster a sense of friendly competition. The leaderboard, which
can be seen in the appendix, displayed evaluators’ scores and rankings based on
their score. To respect privacy and autonomy, evaluators were given the option
to opt out of the leaderboard and could choose a custom nickname, ensuring their
participation could remain anonymous if desired. This system was designed to
motivate evaluators to complete multiple evaluations while maintaining a positive
and engaging environment.
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To ensure an unbiased comparison of the two generation methods described
in chapter 6, the evaluators were presented with all generated questions of each
method for each article in a randomized order. This randomization helped mitigate
any potential bias that could arise from the order in which the questions were
presented. Each evaluator was asked to carefully read the entire article before
proceeding to evaluate the generated questions.

After reading the article, the evaluators went through the questions one by one
and assessed them based on the predefined evaluation criteria. This step-by-step
approach was aimed at helping the evaluators focus on the quality of each individ-
ual question while keeping the context of the article in mind, ensuring a thorough
and consistent evaluation of the generated questions.

7.1.3 Evaluation onQuiz-Level
This section outlines the evaluation process for assessing the overall quality of
quizzes generated by the AQG system. It details the selection of an expert eval-
uator, the criteria used for assessment and the procedure followed to ensure a
comprehensive evaluation of the quizzes’ content, structure and pedagogical ef-
fectiveness.

Evaluator Selection

The evaluation at the quiz-level was conducted by a psychologist with extensive
experience as a tutor. This professional evaluated the quizzes on a qualitative basis,
providing expert insights into the content, structure, and overall effectiveness of
the quizzes in promoting learning. The evaluator assessed factors such as the clar-
ity of questions, the cognitive load imposed on students, and the alignment of quiz
items with learning objectives. This qualitative evaluation aims to ensure that the
quizzes are not only pedagogically sound but also support meaningful engagement
and knowledge retention.

Evaluation Criteria

To assess the holistic quality of quizzes, a set of evaluation criteria focused on
structural coherence, pedagogical effectiveness and informational content was de-
signed. Each criterion was rated by evaluators using a 5-point Likert scale, where:

1 = Low 2 = Fairly Low, 3 = Fair, 4 = Fairly High, 5 = High

• Coverage: Measures the extent to which the quiz reflects the breadth and
depth of the source article. A score of 5 indicates that the quiz addresses all
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major and minor concepts comprehensively, while a score of 1 indicates that
the quiz covers only a narrow or superficial portion of the content.

• Overall Educational Value: A subjective judgment of the quiz’s utility in
a learning context. A high score reflects strong alignment with pedagog-
ical goals, critical thinking stimulation, and potential use in instructional
settings.

• Redundancy: Assesses the degree of repetition among questions. A score of
1 indicates no noticeable redundancy and diverse question content, whereas
a score of 5 suggests that multiple questions are repetitive or ask the same
thing in slightly different ways.

• Progressiveness: Evaluates whether the quiz follows a logical sequence,
ideally starting with simpler questions, and advancing to more complex or
inferential ones. A top score indicates a well-structured progression that
aids cognitive flow.

• OverallQuality: An overarching rating that considers clarity, balance, en-
gagement and technical soundness. A score of 5 reflects a highly polished
quiz suitable for educational deployment, while a score of 1 denotes a quiz
with major structural or content issues.

Evaluation Procedure

The evaluation procedure on quiz-level was designed to ensure a comprehensive
and systematic assessment of the quizzes. Initially, the evaluator was asked to
read the assigned article in its entirety to gain a thorough understanding of the
content. Once the article was reviewed, the evaluator assessed it based on several
key aspects, including Key Concepts, Content, Educational Usefulness and
General Observations. These preliminary evaluations provided context for how
well the article aligned with the intended learning outcomes.

After reviewing the article, the focus shifted to evaluating the quiz itself. The
evaluator assessed the quiz according to five primary criteria: Coverage, Over-
all Educational Value, Redundancy, Progressiveness and Overall Quality.
These criteria were selected to assess both the structural and pedagogical effec-
tiveness of the quiz in an educational context.

By incorporating both the article evaluation and a detailed review of the quiz, the
procedure aimed to provide a thorough assessment of the quality and educational
effectiveness of the generated quizzes.
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7.1.4 Potential Biases and Limitations
In any evaluation methodology, there are inherent biases and limitations that may
affect the validity and generalizability of the results. The evaluation process em-
ployed in this study, while robust, is not without such challenges. Below, some of
the key biases and limitations that may be present in the evaluation methodology
are highlighted:

• Evaluator Bias: The evaluators in this study, while diverse in terms of
their academic and professional backgrounds, still bring their own subjec-
tive judgments and interpretations to the evaluation process. Even with
predefined criteria and structured scales, the evaluation of question qual-
ity remains partially influenced by individual preferences, experiences and
knowledge (Hosking et al., 2024). The absence of complete objectivity could
potentially lead to discrepancies in the ratings, particularly on more nuanced
criteria such as educational usefulness or difficulty.

• Question Presentation Bias: In the Question-Level evaluation, the ques-
tions generated by the AQG system were presented to evaluators in a ran-
domized order, which helps mitigate potential order effects. However, the
order in which evaluators view questions might still influence their evalu-
ation, especially if they perceive certain question types as easier or more
engaging based on their placement in the list. This effect may lead to incon-
sistencies in the evaluation of questions, especially for those evaluators who
may be influenced by fatigue or the difficulty of earlier questions.

• Scope of Evaluation: The evaluation focused exclusively on a subset of
criteria deemed most relevant for assessing the generated questions, such
as relevance, difficulty, and educational usefulness. While these criteria are
fundamental to evaluating AQG performance, they may not fully cover all
dimensions of question quality. Other important factors, such as the align-
ment with cognitive learning outcomes or the broader impact of questions on
long-term retention, were not considered in the current evaluation method-
ology.

• Human Evaluation Constraints: Despite the use of a structured 5-point
Likert scale and explicit evaluation guidelines, human evaluators may still
struggle with consistent interpretation of certain criteria, particularly those
that are subjective, like educational usefulness or question clarity. Variability
in the evaluators’ assessment standards or their understanding of the content
could introduce inconsistencies in ratings.
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• Limitations in Evaluator Engagement: To maintain engagement, evalu-
ators were given the option to stop at any time and incentives like leader-
boards were used. However, this could introduce biases based on evaluator
motivation. Some evaluators may have rushed through the questions for the
sake of completing the task quickly, which could compromise the quality of
their evaluations. Additionally, those who opted out of the leaderboard may
not have been as motivated to evaluate a large number of questions, poten-
tially affecting the distribution of evaluations.

7.2 Dataset
The dataset used in this study consists of 60 articles from the MIT Climate Por-
tal’s ”Explainers” section 1 with a total word count of approximately 30,000 words.
This size is substantial enough to ensure a variety of questions can be generated for
analysis while remaining manageable for detailed review. The articles are catego-
rized into multiple themes, including climate science, climate policy and proposed
solutions, offering a balanced view across diverse aspects of the climate change
field. This collection offers accessible, scientifically grounded overviews of var-
ious topics related to climate change science, solutions and policy, authored by
experts in the field. The decision to use this dataset was driven by several factors:

• Comprehensive Coverage: The collection provides a wide range of content,
encompassing key issues in climate science and related fields.

• Accessibility: The articles are freely available and well-structured, making
them suitable for educational applications.

• Manageable Scope: The number of articles in this collection is sufficiently
large to support a meaningful qualitative analysis, while still being manage-
able in terms of the depth and scale of the evaluation.

This dataset is thought to be valuable for generating educational questions, as it
contains fact-based, well-researched and easily understandable content that seem
ideal for assessing the effectiveness of AQG models in an educational context.

To create the dataset, a web scraper was developed to extract the article text
from the MIT Climate Portal. The extracted content was then saved as PDFs to
demonstrate that the system can process and generate questions from PDF docu-
ments.

1https://climate.mit.edu/explainers
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7.3 Results
This chapter presents the results of the evaluation conducted on the two quiz
generation methods: Retrieval-Augmented Generation (RAG) and Graph-based
Retrieval-Augmented Generation (GRAG). The objective of this evaluation is to
quantitatively assess and compare the quality, difficulty and relevance of ques-
tions generated by both methods as well as the prevalence of flaws within these
quiz items.

7.3.1 Question-Level Evaluation
This section reports the evaluation of 1248 individual multiple-choice and true/-
false questions generated using the RAG and GRAG methods. The analysis sys-
tematically examines three key dimensions: overall question quality, question dif-
ficulty, and the incidence of flawed questions.

Quality

The aggregated results for the quality of the generated questions across the two
methods, RAG and GRAG, are presented in Table 7.2. RAG outperformed GRAG in
all metrics, achieving notably higher scores for educational usefulness (3.53 vs 2.74),
relevance (3.92 vs 3.21), and overall quality (3.67 vs 2.99) which is the mean of the
metrics educational usefulness, relevance, and distractor quality/answer plausibility
combined. Additionally, the average flawed percentage per quiz was lower for
RAG (15%) vs GRAG (22%).

Method Educational
Usefulness

Relevance Distractor
Quality

Overall
Quality

Flawed
%

RAG 3.53 3.92 3.57 3.67 15.01
GRAG 2.74 3.21 3.03 2.99 22.22

Table 7.2: Mean Evaluation Scores for Generated Questions by Method

Distribution ofQuality Scores: RAG vs. GRAG
Figure 7.1 presents the kernel density estimation plots comparing the distribu-

tion of quality scores across four evaluation metrics — educational usefulness, rele-
vance, distractor quality, and overall quality—for both the RAG and GRAG methods.

Across all four metrics, GRAG exhibits a noticeable leftward shift in its score
distributions compared to RAG, suggesting that the quality of outputs generated
by GRAG was generally perceived to be lower. The distributions for RAG are more
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concentrated around higher scores (typically between 3.5 and 5), indicating a con-
sistent performance in generating high-quality content. Specifically, Educational
usefulness and relevance show clear separation between the two methods, with
RAG achieving higher peak scores and tighter density curves, suggesting more re-
liable performance. Distractor quality/answer plausibility displays some overlap,
but RAG still maintains a peak further to the right, indicating better distractor
construction. Overall quality follows a similar pattern, with GRAG skewed toward
lower scores and RAG maintaining a strong peak around scores of 4.

These trends imply that RAG not only outperformed GRAG on average but also
demonstrated greater consistency in generating educationally effective and rele-
vant questions.

Figure 7.1: Score Distributions for RAG vs. GRAG

Tables 7.3 and 7.4 summarize the question-level evaluation metrics for the RAG
and GRAG methods, respectively. Each table reports descriptive statistics (mean,
standard deviation, minimum, quartiles and maximum) across five key metrics:
educational usefulness, relevance, distractor quality, overall quality and flawed count
as well as flawed percentage.
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For the RAG method (Table 7.3), the average scores for educational usefulness
(3.53), relevance (3.92), distractor quality (3.57), and overall quality (3.67) indicate
moderately high question quality across all dimensions. The relatively low mean
flawed count (2.78) corresponding to 15.01%, suggests that RAG-generated ques-
tions exhibited fewer detectable flaws on average.

In contrast, the GRAG method (Table 7.4) shows lower average scores across all
quality dimensions, with educational usefulness (2.74), relevance (3.21), distractor
quality (3.03), and overall quality (2.99). The mean flawed percentage (22.22%) is
notably higher compared to RAG (15.01%), indicating that GRAG-generated ques-
tions contained more issues per question on average.

These descriptive statistics suggest that the RAG method generally outperforms
the GRAG method in terms of question quality and reliability.

Metric Mean Std Min 25% 50% 75% Max
Educational Usefulness 3.53 0.78 1.36 3.25 3.66 4.08 4.71
Relevance 3.92 0.82 1.44 3.67 4.12 4.47 5.0
DistractorQuality 3.57 0.74 1.73 3.29 3.69 4.13 4.78
OverallQuality 3.67 0.72 1.60 3.25 3.84 4.21 4.68
Flawed Count 2.78 3.39 0.0 0.0 1.5 4.25 14.0
Flawed % 15.01 17.09 0 0 7.67 25 58.33

Table 7.3: Summary of Evaluations for RAG Method

Metric Mean Std Min 25% 50% 75% Max
Educational Usefulness 2.74 0.94 0.6 2.09 2.83 3.36 4.5
Relevance 3.21 0.92 1.1 2.6 3.18 3.91 5.0
DistractorQuality 3.03 0.77 1.15 2.57 3.05 3.65 4.65
OverallQuality 2.99 0.81 1.26 2.36 2.98 3.57 4.52
Flawed Count 4.68 3.75 0.0 2.0 3.5 8.0 13.0
Flawed % 22.22 18.27 0 9.77 15 35 65

Table 7.4: Summary of Evaluations for GRAG Method

To emphasize the questions with the highest quality, Table 7.5 displays the five
quizzes with the highest individual question evaluation scores for each method.
Most of the highest-rated questions were generated using RAG, with some GRAG
questions achieving similarly strong scores, particularly regarding relevance.

Table 7.5 shows the five highest-rated quizzes generated by the RAG method,
with scores ranging from 4.31 to 4.71 for educational usefulness and from 4.50 to
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4.96 for relevance. Distractor quality/answer plausibility scores range from 4.17 to
4.61, while overall quality ranges from 4.48 to 4.68. Notably, the percentage of
flawed questions for RAG-generated items is mostly 0 or low, with one exception
where it reaches 11.11%.

Table 7.5 also includes the five highest-rated quizzes generated by the GRAG
method. Here, the educational usefulness scores range from 3.86 to 4.30, while rele-
vance scores vary between 4.50 and 5. distractor quality/answer plausibility ranges
from 3.80 to 4.65 and overall quality spans from 4.18 to 4.52. Flawed percentages
for GRAG-generated questions are generally low, with two quizzes showing 10%
flawed and the rest with 0%.

ID Educational
Usefulness

Relevance Distractor
Quality

Overall
Quality

Flawed
%

Method

53 4.71 4.96 4.38 4.68 0 RAG
26 4.44 4.94 4.61 4.67 0 RAG
60 4.44 4.83 4.17 4.48 11.11 RAG
45 4.31 4.69 4.44 4.48 6.25 RAG
56 4.50 4.50 4.40 4.47 0 RAG
126 3.90 5 4.65 4.52 0 GRAG
120 4.30 4.65 4.40 4.45 10 GRAG
115 3.95 4.65 4.40 4.33 0 GRAG
111 3.86 4.59 4.18 4.21 0 GRAG
78 4.25 4.50 3.80 4.18 10 GRAG

Table 7.5: Top 5 Question-Level Evaluation Scores by Method

Table 7.6 presents the five quizzes with the lowest-rated questions, drawn from
both the RAG and GRAG methods respectively. The table highlights questions
that received the poorest evaluations across the metrics: educational usefulness,
relevance, distractor quality/answer plausibility, overall quality, and flawed count,
along with the method used to generate each question.

For the RAG method, the lowest-rated questions show overall quality scores
ranging from 1.60 to 2.25. Although some items had relatively moderate distractor
quality/answer plausibility (e.g., ID 16 with 3.72), other dimensions such as educa-
tional usefulness and relevance were consistently low. The flawed counts for these
RAG questions varied widely, ranging from 0 to 12, which corresponds to 0% to
54.55% of the generated questions being flawed.

For the GRAG method, the five lowest-rated quizzes exhibited even lower over-
all quality scores, ranging from 1.26 to 1.70, with consistently poor educational
usefulness and relevance. The flawed counts for these GRAG quizzes were notably
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high (8 to 12) which corresponds to 40% - 60% of the generated questions being
flawed, further emphasizing the lower quality of these items.

This table underscores that while both methods produce some low-quality ques-
tions, the lowest-rated GRAG questions tended to score lower across most metrics
and had higher flaw counts compared to the lowest-rated RAG questions.

ID Educational
Usefulness

Relevance Distractor
Quality

Overall
Quality

Flawed
%

Method

29 2.33 2.46 1.96 2.25 4.17 RAG
16 1.44 1.44 3.72 2.20 0 RAG
55 2.12 2.25 2.06 2.15 50 RAG
5 2.09 2.27 1.73 2.03 54.55 RAG
38 1.50 1.50 1.81 1.60 50 RAG
98 1.35 1.65 2.10 1.70 60 GRAG
83 1.35 1.30 2.15 1.60 55.00 GRAG
113 1.10 2.05 1.15 1.43 40 GRAG
106 0.60 1.10 2.50 1.40 50 GRAG
117 1.14 1.14 1.50 1.26 54.55 GRAG

Table 7.6: 5 Quizzes per Method (RAG and GRAG) with lowest ratings

Difficulty

As shown in Table 7.7, quizzes generated with the RAG method were perceived as
more difficult on average (2.76) compared to those generated by GRAG (2.17). This
indicates that RAG-produced questions were generally considered more challeng-
ing by the evaluators.

However, the Mean of Standard Deviations is slightly higher for GRAG (1.22)
than for RAG (1.12), suggesting that the difficulty ratings for GRAG quizzes were
slightly more variable. This could imply that while GRAG quizzes were easier on
average, they exhibited more diversity in difficulty.

Method Mean of Means Mean of SD
RAG 2.76 1.12
GRAG 2.17 1.22

Table 7.7: Difficulty Summary Results for RAG and GRAG Quizzes

To better understand the distribution of perceived difficulty ratings, a histogram
was created for each method (see Figure 7.2, 7.3). The x-axis represents difficulty
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levels on a 5-point scale (1 = simple, 5 = difficult), while the y-axis indicates the
number of questions in each category. Percentages on top of the bars reflect the
proportion of questions at each difficulty level.

The distribution of question difficulties produced by RAG is relatively balanced
across the spectrum. The most common difficulty level is 3 (33.7%), suggesting a
central tendency toward moderate difficulty. Level 2 follows with 27.9% and level
4 with 17.9%, indicating a good representation of both easier and more challeng-
ing questions. Difficulty levels 1 and 5 account for 12.2% and 8.2%, respectively.
Overall, 73.8% of RAG-generated questions fall within the easy to moderate range
(levels 1–3), while 26.1% are categorized as difficult (levels 4–5).

Figure 7.2: Distribution of Difficulty RAG
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Figure 7.3: Distribution of Difficulty GRAG

In contrast, the distribution of difficulty, illustrated in Figure 7.3, shows that
GRAG-generated questions are strongly skewed toward the lower end of the diffi-
culty spectrum. Difficulty level 2 accounts for the highest proportion of questions
(33.0%), followed closely by levels 1 (25.5%) and 3 (25.0%). Together, the first three
levels represent 83.5% of all questions, suggesting that GRAG predominantly pro-
duces questions of easy to moderate difficulty. In contrast, higher-difficulty ques-
tions are underrepresented, with only 11.7% and 4.8% of questions at levels 4 and
5, respectively.

FlawedQuestions

Flagged flawed questions were systematically reviewed and recurring issues were
used to define a set of flaw categories. These categories were then applied in a
second review to ensure a thorough and accurate assessment of the quality of the
generated questions.

As shown in Figure 7.4, 18.62% of all evaluated questions were identified as
flawed. This corresponds to 448 out of 2406 individual question evaluations in
which the ’is flawed’ status was marked as true. These flagged evaluations span
379 unique questions (out of 1248) that have been marked as flawed by at least one
rater.
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Figure 7.4: Flawed Questions

The most frequent categories of flaws identified were:
Semantics: Issues related to ambiguous or unclear phrasing.
Multiple Answers Correct: Situations where more than one answer option
was plausibly correct.
Wrong Correct Answer: Cases where the marked correct answer was the
wrong one or factually incorrect.
Insufficient Material: Articles did not provide enough information to accu-
rately answer the question.
Reference-BasedQuestions: Questions overly reliant on the references sec-
tion of the source material.
Factually Incorrect: Errors regarding factual correctness independent of the
original article content.

Additionally, quiz items that did not exhibit any of the predefined flaw categories
were classified under the label No Issue Found, indicating that no identifiable
issues were detected based on the evaluation criteria.

The distribution of flawed question types is visualized in Figure 7.5. It can be
seen that semantic errors and multiple-correct-answer flaws dominate the flawed
cases.
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Figure 7.5: Distribution of flawed questions across identified categories

7.3.2 Quiz-Level Evaluation
While the previous section focused on the evaluation of individual questions, this
subsection shifts the perspective to the quiz-level. Here, we assess the overall
quality, consistency, progressiveness, and redundancy of entire quizzes generated
by both methods.

The analysis of the quizzes was carried out in two stages: one for the highest-
rated quizzes and one for the lowest-rated quizzes, enabling comparison of key
quality characteristics across methods. In this section, the results of the evalua-
tions from both the 10 highest-rated and 10 lowest-rated quizzes are discussed in
terms of their respective metrics, with the intention of identifying trends and areas
of improvement.

Quiz-level evaluation of the five highest-rated quizzes

Table 7.8 presents the quiz-level evaluation metrics for each of the five highest-
rated quizzes from the question-level evaluation from the RAG and GRAG meth-
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ods respectively. The metrics assessed include overall quality, coverage, usefulness,
redundancy, and progressiveness, where higher values indicate better performance
for all metrics except redundancy, where lower values are preferred. All ratings
are on a scale from 1 (low) to 5 (high).

Quiz
ID

Method Overall
Quality

Coverage Usefulness Redundancy Progressive-
ness

53 RAG 1 4 2 5 1
26 RAG 3 5 4 3 2
60 RAG 1 2 2 4 1
45 RAG 3 3 3 2 3
56 RAG 1 3 2 5 1
Mean 1.8 3.4 2.6 3.8 1.6
126 GRAG 2 4 3 4 1
120 GRAG 2 3 2 3 2
115 GRAG 2 2 2 4 1
111 GRAG 3 3 3 2 1
78 GRAG 2 3 2 3 1
Mean 2.2 3.0 2.4 3.2 1.2
Overall
Mean

2.0 3.2 2.5 3.5 1.4

Table 7.8: Quiz Evaluation Metrics by Method (RAG vs GRAG)

When compared to question-level results, the quiz-level evaluation provides a
more holistic view of the generated quizzes. For instance, while individual ques-
tions may be assessed on metrics like relevance and usefulness, the quiz-level eval-
uation reveals broader issues such as the logical flow and thematic coherence of
questions within the quiz and whether any redundancy impacts the overall quiz
experience.

GRAG slightly outperformed RAG in overall quality (2.2 vs. 1.8) and redundancy
(3.2 vs. 3.8), while RAG showed marginally higher scores in coverage (3.4 vs. 3.0),
progressiveness (1.2 vs. 1.6) and usefulness (2.6 vs. 2.4).

Quiz-level evaluation of the five lowest-rated quizzes

Table 7.9 presents the quiz-level evaluation metrics for each of the five lowest-
rated quizzes from the question-level evaluation from the RAG and GRAG methods
respectively. These quizzes were selected based on their bottom ratings from the
question-level evaluation stage. The metrics provide an understanding of the areas
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where the quizzes fell short and how the RAG and GRAG methods compare in these
low-performance cases.

Quiz
ID

Method Overall
Quality

Coverage Usefulness Redundancy Progressive-
ness

29 RAG 2 4 2 3 1
16 RAG 1 1 1 4 1
55 RAG 1 1 1 3 1
5 RAG 2 3 2 2 3
38 RAG 1 1 1 4 1
Mean 1.4 2 1.4 3.2 1.4
98 GRAG 1 2 2 4 2
83 GRAG 1 2 1 4 1
113 GRAG 1 2 1 2 1
106 GRAG 1 1 1 3 1
117 GRAG 1 1 1 3 1
Mean 1 1.8 1.3 3.2 1.3
Overall
Mean

1.2 1.8 1.3 3.2 1.3

Table 7.9: Quiz Evaluation Metrics by Method (RAG vs GRAG)

Across both methods, these lowest-rated quizzes consistently showed low per-
formance in overall quality (1.2), coverage (1.8), usefulness (1.3), and progressive
structure (1.3). Notably, redundancy remained relatively high (3.2) in both condi-
tions, indicating a recurring issue of repetition among quiz items.

7.3.3 Graph Analysis
To investigate the performance gap between the Graph-Retrieval-Augmented Gen-
eration (GRAG) and standard Retrieval-Augmented Generation (RAG) approaches
in quiz generation, an analysis of the underlying knowledge graphs within each
climate-related topic was conducted.

This analysis examined key structural properties—such as the number of vertices
and edges, average degree, density, sparsity, and presence of isolated nodes—across
the automatically generated knowledge graphs. These metrics provide insight into
the cohesion and expressiveness of the semantic graphs used by GRAG. Topics
with sparse, fragmented graphs or high numbers of isolated nodes may offer less
context for generation, potentially explaining instances where GRAG underper-
forms relative to RAG.
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Feature Mean Std Median Min. Max. Skew Kurtosis
Vertices 24.6000 8.4517 26 11 45 0.1684 -0.5402
Edges 16.2000 5.4828 18 5 29 0.0399 -0.4873
Average Degree 1.3314 0.2002 1.3218 0.9091 1.8182 0.3199 -0.1575
Density 0.0331 0.0161 0.0265 0.0142 0.0758 1.1942 0.5637
Sparsity 0.9669 0.0161 0.9735 0.9242 0.9858 -1.1942 0.5637
Isolated Nodes 14.8000 5.0482 15.5000 5 25 -0.0790 -1.0891

Table 7.10: Summary statistics for graph metrics.

The graph analysis summarizes the structural properties of 60 topic-specific
graphs generated from the MIT explainer dataset using LLaMa 3. Table 7.10
presents the aggregated statistics across all graphs, including central tendencies,
dispersion, and distribution shape metrics such as skewness and kurtosis.

The number of vertices varies widely (M = 24.6, SD = 8.45), edge counts follow
a similar trend (M = 16.2) and the average degree is low (M = 1.33), indicating
moderate conceptual connectivity.

The graphs are generally sparse with a mean density of 0.0331 and a mean spar-
sity of 0.9669. Skewness and kurtosis values show a right-skewed distribution for
density and a corresponding left-skew for sparsity, suggesting the presence of a
few relatively denser graphs amid a majority of sparse ones.

A notable feature is the high number of isolated nodes across many graphs with
a mean of 14.8, ranging from 5 to 25.

Table 1 provides detailed statistics for each graph, allowing for comparative
analysis across different climate-related themes. For instance, the graph for biochar
displays one of the highest densities (0.0758) and lowest sparsity values, reflect-
ing a dense and well-connected conceptual subnetwork. In contrast, graphs such
as freshwaterandclimatechange and heatingandcooling show very low densities
( 0.0143 and 0.0142 respectively), suggesting much more diffuse concept distri-
butions.

The foodsystemsandagriculture topic exhibits the highest average degree
(1.8182), indicating a high degree of conceptual interconnection, while graphs
like urbanheatislands and miningandmetals are characterized by lower average de-
grees, suggesting less integrated semantic structures.

Analysis of KG of five highest and lowest ratedQuizzes

To investigate whether characteristics of the generated knowledge graphs help
explain the differences between the highest- and lowest-rated quizzes, this section
presents a comparative analysis of their structural properties.
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Figures 7.6 and 7.7 illustrate the knowledge graphs generated for the five
highest-rated and five lowest-rated quizzes, respectively. Tables 7.11 and 7.12 sum-
marize key graph statistics for each set.

The knowledge graphs of the highest-rated quizzes (Table 7.11) are relatively
small and sparse, with an average of 14 vertices and 10 edges. They exhibit a low
average degree (between 1.18 and 1.67) and a high proportion of isolated nodes
(8–11), indicating that the concepts are more discretely structured, with fewer but
potentially more meaningful connections between them.

(a) (b) (c)

(d) (e)

Figure 7.6: Generated Knowledge Graphs of best 5 evaluated quizzes

Graph Space Vertices Edges Average
Degree

Density Sparsity Isolated
Nodes

carbonoffsets (a) 13 10 1.5385 0.0641 0.9359 10
carbonpricing (b) 15 10 1.3333 0.0476 0.9524 10
oceanacidification (c) 17 10 1.1765 0.0368 0.9632 8
parisagreement (d) 13 10 1.5385 0.0641 0.9359 10
phytoplankton (e) 12 10 1.6667 0.0758 0.9242 11

Table 7.11: Graph statistics for best 5 evaluated quizzes

In contrast, the graphs associated with the lowest-rated quizzes (Table 7.12) are
noticeably larger, with a higher number of vertices (22–37) and edges (18–25).
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Despite this increased size, they remain sparse, with density values even lower
than those of the highest-rated quizzes. They also show high numbers of isolated
nodes (6–25) and relatively low average degrees (around 1.2–1.8). This suggests
that, although these graphs encompass more concepts, the relationships between
those concepts are still limited, potentially leading to fragmented or overly com-
plex question sets.

(a) (b) (c)

(d) (e)

Figure 7.7: Generated Knowledge Graphs of 5 lowest-rated quizzes

Graph Space Vertices Edges Average
Degree

Density Sparsity Isolated
Nodes

airpollution (a) 37 25 1.3514 0.0188 0.9812 25
electricvehicles (b) 27 19 1.4074 0.0271 0.9729 19
foodsystemsandagriculture
(c)

22 20 1.8182 0.0433 0.9567 6

permafrost (d) 29 18 1.2414 0.0222 0.9778 20
sealevelrise (e) 31 19 1.2258 0.0204 0.9796 13

Table 7.12: Graph statistics for 5 lowest-rated quizzes
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Comparison of Key Concept Identification

Table 7.13 compares the key concepts identified by the evaluator with those iden-
tified by the Degree Centrality algorithm. For each topic, the evaluator has iden-
tified a set of key concepts that represent the most relevant ideas associated with
the topic. For example, for the topic ”Ocean acidification,” the evaluator identified
key concepts such as Carbon dioxide, Marine organisms and Ocean water. The
Degree Centrality algorithm, which analyzes the relationships and importance of
nodes (concepts) within a network, identified slightly different sets of concepts,
reflecting its algorithmic approach to centrality within the dataset. Some topics,
such as ”Carbon Pricing” and ”Carbon Offset,” show a closer match between the
evaluator’s concepts and those identified by the algorithm, with both approaches
recognizing terms related to emissions, climate change and carbon pricing mech-
anisms. However, other topics, such as ”Sea Level Rise” and ”Ocean acidification”
exhibit some differences in the specific concepts identified, which could suggest
nuances in how human evaluators and the algorithm prioritize or interpret con-
cepts related to a given topic.

Overall, the table highlights the alignment and discrepancies between human
evaluation and an algorithmic approach to concept identification. This comparison
provides insights into the strengths and limitations of each method in terms of
capturing key concepts in environmental topics.
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ID Key Concepts identi-
fied by evaluator

NDegree Centrality

126 Ocean acidification Carbon dioxide;Marine organisms;Carbonic acid;Ocean
water;Ocean

120 Carbon Pricing Climate change;Emissions;Carbon pricing;Fossil fu-
els;Carbon price

115 Carbon Offset Carbon offsets;Project owners;Reforestation
111 Paris Climate Agree-

ment
Paris agreement;Framework convention on climate
change;United states

78 Carbon Border Adjust-
ment

Cbam;Carbon prices;Carbon tariff;Wealthy countries;Low-
income countries

98 Food Systems and
Agriculture

Smith;Climate change;Agriculture;Food systems;Harper

83 Sea Level Rise Humans;Sea levels;Earth;Climate.gov;Scott a. kulp
113 Electric Vehicles Electric vehicles;Evs;Hev;Phev;Cars and trucks
106 Permafrost Permafrost;Nature reviews earth & environ-

ment;Nature;Emissions;Journal of geophysical research
117 Air Pollution Air pollution;U.s. environmental protection

agency;India;U.s.;China

Table 7.13: Human vs Algorithmic Key Concept Identification across Quizzes

7.4 Discussion
This chapter interprets the results presented in Chapter 7.3, placing them in con-
text with the overall research objectives. It discusses how well the problem has
been addressed, what insights were gained and which limitations, ethical and sus-
tainability considerations are relevant to this work.

7.4.1 Interpretation of Results
The evaluation results reveal differences between the RAG and GRAG approaches
to quiz generation. While the overall goal was to enhance question quality through
structured retrieval using knowledge graphs, the performance outcomes varied
significantly across topics. In this subsection, these variations are analyzed in
depth, connecting observed quiz ratings with graph properties. The aim is to un-
derstand not only why certain quizzes performed better than others, but also under
what conditions GRAG contributes positively—or negatively—to quiz generation.
These interpretations form the foundation for refining retrieval-guided generation
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methods in future work.
The insights gained from this analysis offer a nuanced foundation for addressing

the research questions, clarifying how retrieval-augmented generation methods
influence both question quality and content structuring.

7.4.2 RQ1: To what extent can contemporary LLMs adeptly
generate questions and effectively structure learning
content in the context of environmental protection
topics?

The findings suggest that large language models (LLMs), particularly when aug-
mented with retrieval mechanisms (RAG), are capable of generating reasonably
relevant and educationally valuable questions from open-source environmental
content. The overall quality score on question-level for RAG-generated questions
averaged 3.67, aligning closely with the results reported by Sayed et al. (2024).
Furthermore, the relevance score of 0.85 (on a 0–1 scale) reported by Sayed et al.
(2024) slightly surpasses the relevance observed in this research in the question-
level evaluation for RAG (3.92) and exceeds the relevance score for GRAG (3.21).

While the overall quality on question-level of generated content is encouraging,
occasional issues such as ambiguous phrasing and mismatched difficulty levels un-
derscore the necessity of careful prompt engineering and robust quality assurance
when deploying LLMs in autonomous educational tools.

The distractor quality (or answer plausibility) reported in the question-level eval-
uation for RAG averaged 3.57, indicating moderate quality, with GRAG following
at 3.03. Notably, the top five rated quizzes generated by each method consistently
achieved high overall quality scores in the question-level evaluation, ranging from
4.18 to 4.68, demonstrating that LLaMa 3.1 can produce high-quality questions in
favorable conditions.

The quiz-level evaluation revealed that both methods exhibited a relatively high
level of redundancy, which is a known limitation in autoregressive models, where
these models can get stuck in a loop, generating repetitive or overly similar con-
tent (Amaratunga, 2023). Similar patterns of redundancy were reported by Lopez
et al. (2021) in their evaluation of GPT-2 for automatic question generation (see
Chapter3).

The RAG method exhibited lower overall quality and higher redundancy at the
quiz-level, suggesting that, although individual questions were relevant and useful,
the overall coherence and structure of the quizzes require further refinement. In
contrast, GRAG demonstrated better overall quality and reduced redundancy at
the quiz-level evaluation, though both approaches faced challenges in ensuring
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smooth and logically progressive learning sequences.
The comparison between the highest-rated and lowest-rated quizzes on the quiz-

level provides valuable insights into the key factors that differentiate a high-quality
quiz from a low-quality one.

• Coverage and Usefulness: The highest-rated quizzes generally excel in
coverage and usefulness, providing a more comprehensive and valuable learn-
ing experience. In contrast, the lowest-rated quizzes often suffer from poor
coverage and lack of usefulness, making them less effective for learners.

• Redundancy: Redundancy scores are relatively high across both the
highest-rated quizzes, with a mean value of 3.8 for RAG and 3.2 for GRAG
and lowest-rated quizzes with a mean of 3.2 for both methods. This sug-
gests that, regardless of the overall quality, many quizzes included a notable
amount of overlapping or repetitive questions.

• Progressiveness: The highest-rated quizzes show slightly better progres-
siveness, meaning that questions in these quizzes are logically structured and
progressively more challenging. In contrast, the lowest-rated quizzes tend
to lack this structure, which can lead to a fragmented learning experience
for users.

Overall, the key differentiators of high-quality quizzes were greater coverage,
more useful content and slightly improved progressiveness, while redundancy re-
mained a common issue across all quizzes.

While generated questions could be loosely categorized by difficulty, the pro-
gression across levels was limited and often lacked a clear pedagogical structure.
Overall, while LLaMa 3.1 demonstrated competence in generating individual, con-
textually relevant questions, their capacity to effectively structure learning con-
tent—such as well-sequenced quizzes with clear pedagogical progression—remains
limited. The lack of consistent difficulty scaffolding and the presence of redun-
dancy suggest that autonomous deployment for fully structured educational con-
tent is premature without additional human intervention or algorithmic refine-
ment. Thus, although LLaMa 3.1, particularly with RAG or GRAG augmentation,
shows promising potential, its role in content structuring is best viewed as assis-
tive rather than fully autonomous at this stage.
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7.4.3 RQ2: Can Knowledge-Graph-based Retrieval
Augmented Generation enhance the quality of the
generated questions?

The evaluation of quiz quality, combined with a detailed graph analysis, offers
critical insights into the effectiveness of using GRAG for automatic quiz creation.
GRAG is designed to use structured semantic knowledge to better ground ques-
tions in context and make them more coherent, but the results show that its per-
formance depends heavily on the specific structure and quality of the knowledge
graphs.

Contrary to initial expectations, the GRAG method did not outperform stan-
dard RAG when evaluated at the question-level. One likely explanation lies in the
structural characteristics of the generated knowledge graphs. As revealed by the
exploratory graph analysis, many topic-specific graphs are sparse, weakly con-
nected and contain a high number of isolated nodes. The average degree across
graphs is low (M = 1.33) and density is similarly minimal (M = 0.0331), indicating
that most concepts are only loosely linked. This sparsity limits the semantic path-
ways that the GRAG model can rely on during generation, potentially resulting in
less coherent or incomplete quizzes.

Moreover, while GRAG aims to enhance semantic focus, overly fragmented or
diffuse graphs can introduce noise or disjointed information, hindering the qual-
ity of generated content. This limitation is particularly evident in the analysis of
the five lowest-rated quizzes. These quizzes are associated with larger but more
fragmented graphs (e.g., airpollution with 37 vertices and 25 isolated nodes), sug-
gesting that the inclusion of many loosely connected concepts may overwhelm the
model or dilute topical relevance.

The variations in density of the constructed knowledge graphs reflect underly-
ing differences in discourse maturity, interdisciplinarity, and topical complexity.
For example, emerging or highly technical topics such as enhancedrockweathering
and fusionenergy show moderate densities and isolated node counts, which may
point to a concentrated body of knowledge. In contrast, broader or more policy-
oriented topics like climatejustice and publictransportation present larger graphs
with relatively high numbers of isolated nodes, possibly due to the inclusion of
diverse but loosely related subtopics.

The comparative analysis between the highest and lowest-rated quizzes further
underscores the role of graph structure in shaping generation outcomes. Higher-
rated quizzes are linked to smaller, sparser graphs with clearer conceptual fo-
cus and fewer, more meaningful connections (e.g., phytoplankton or carbonoffsets).
These graphs exhibit moderate to high sparsity, yet their isolated nodes appear less
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disruptive, possibly because they reflect intentional topical boundaries rather than
disconnected noise. In contrast, the lowest-rated quizzes are tied to significantly
larger graphs with a wider range of disconnected nodes and low density. Despite
covering more concepts, their graphs do not exhibit proportionally greater con-
nectivity or conceptual integration. This mismatch likely results in quizzes that
feel fragmented or lack cohesion. Thus, bigger graphs do not inherently lead to
better quizzes—what matters is how semantically connected the concepts are.

Overall, the comparison of the constructed knowledge graphs of the five
highest-rated quizzes and five lowest-rated quizzes indicate that larger and more
fragmented knowledge graphs may contribute to lower quiz quality, likely due to
increased cognitive load or less coherent topic structuring. Conversely, smaller,
simpler graphs with clearer concept relationships appear to align with higher-
rated quizzes. This highlights the importance of balancing concept coverage and
graph complexity when generating educational assessments.

These results suggest that the added graph structure may complicate the gener-
ation process unless carefully managed or tuned. Therefore, although GRAG holds
theoretical promise for capturing inter-document relationships, in practice, it did
not enhance quality in this setting. Further refinement in graph construction and
integration strategies may be required.

Building on these observations, it is also important to examine how effectively
the underlying graph structures capture conceptually meaningful elements, par-
ticularly when compared to human judgment.

The comparison between human-evaluated key concepts and those identified
via Degree Centrality reveals partial alignment. In some cases (e.g., carbon pricing,
carbon offset), the algorithm effectively surfaces central terms aligned with human
expectations. However, in other cases (e.g., sea level rise, air pollution), the algo-
rithm emphasizes named entities or specific references (e.g., “climate.gov,” “India”)
that may lack broad conceptual value. This divergence highlights the importance
of coupling algorithmic measures with semantic relevance checks when curating
or enriching graphs for GRAG-based generation.

The quiz-level analysis highlights the importance of considering not just the
quality of individual questions but also how those questions work together to cre-
ate a cohesive, engaging quiz experience. While individual questions might score
well on relevance or educational usefulness, the RAG method’s lower overall quality
and higher redundancy scores suggest that its outputs often lack coherence and ex-
hibit repetitive content at the quiz-level. In contrast, GRAG showed improvements
in structure and reduced redundancy at quiz level, indicating a better grasp of quiz
composition, although both methods still faced difficulties in achieving smooth
progression and logical flow throughout the quiz.

Therefore, in response to RQ2, while Knowledge-Graph-based Retrieval Aug-
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mented Generation offers conceptual advantages, the empirical evidence from this
study indicates that it did not enhance the quality of individual questions compared
to standard RAG. However, at the quiz-level, GRAG contributed to improvements
in overall quality and reduced redundancy, suggesting potential benefits for orga-
nizing content even if question-level quality remains limited.

7.4.4 RQ3: To what extent is it necessary to preprocess the
documents before prompting the LLM?

Although preprocessing was not isolated as an explicit experimental variable in
this study, observations throughout implementation clearly indicate that it plays a
crucial role in shaping the coherence and relevance of LLM-generated questions.

In the RAG method, the RecursiveCharacterTextSplitter was used to segment
texts at the sentence level, improving granularity and contextual clarity. For
GRAG, source PDFs were converted to Markdown format to preserve table struc-
tures and the Markdown node parser was applied for sentence splitting. Early ex-
periments also incorporated Named Entity Recognition (NER) to extract key con-
cepts for prompting; however, subsequent iterations found that concepts identified
via Degree Centrality within knowledge graphs were more effective for guiding
content generation.

Preprocessing thus is a crucial—though often underexplored—step in optimizing
LLM-driven educational content generation. Specifically, in the GRAG method, the
PDF-to-Markdown conversion introduced a degree of noise, underscoring the need
for more refined preprocessing pipelines. This challenge also highlights the impor-
tance of developing improved strategies for handling complex document features
such as tables, which could enable the model to more effectively leverage embed-
ded structured information.

In summary, in response to RQ3, preprocessing is not only beneficial but often
necessary for ensuring coherent, relevant and high-quality outputs from LLMs in
the context of environmental education content generation. Future work should
prioritize systematic evaluation and refinement of preprocessing strategies to max-
imize model performance and content quality.

7.4.5 RQ4: In what way can prompt engineering enhance the
quality of the generated questions?

Prompt engineering played a decisive role in enhancing the quality, coherence,
and reliability of the generated questions. The inclusion of detailed task-specific
instructions, explicit output formatting guidelines and role definitions for the LLM
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substantially reduced hallucinations and improved both the relevance and struc-
ture of the outputs.

Prompts were designed following the guidelines outlined in Chapter 2 and in-
formed by best practices from Amaratunga (2023). To ensure the generation of
syntactically valid and structured outputs, output formatting strategies such as
those proposed by Ozdemir (2024) were applied—specifically requiring the LLM
to produce responses in valid JSON format. Crafting prompts that explicitly de-
fined the desired output structure, including clear descriptions of the question
components (e.g., question stem, answer choices, correct answer, distractors), con-
sistently yielded more reliable and usable results.

In addition, prompt templating, as described by Amaratunga (2023), was sys-
tematically applied across all tasks. By employing consistent and well-structured
prompt templates—including defined input-output formats, explicit task instruc-
tions and expected response structures—the generation process was made more
reliable and reproducible. This approach helped standardize interactions with the
model, ensuring that prompts across different tasks maintained clarity, coherence,
and alignment with the intended output type.

Furthermore, incorporating role-based framing within prompts—for example,
specifying ”You are a knowledge graph builder” or ”You are a tutoring system that
generates questions based on the provided documents”—enhanced response qual-
ity and reduced ambiguity. This technique, often referred to as prompt priming,
as described by Amaratunga (2023), helps establish a clear context and role for the
model. Such contextualization appeared to sharpen the model’s generative behav-
ior, resulting in more accurate, focused and contextually relevant outputs.

While prompt engineering considerably improved output quality, it did not fully
resolve the challenges inherent in fully automated, high-quality question genera-
tion. Even among the highest-rated quizzes, occasional flawed or ambiguous ques-
tions persisted, underscoring the need for further safeguards and refinement be-
fore autonomous deployment in educational settings.

In summary, in response to RQ4, prompt engineering demonstrably enhances
the quality of generated questions by improving coherence, reducing hallucina-
tions, and ensuring output structure alignment. Future work could further aug-
ment these gains through advanced techniques such as few-shot learning, chain-
of-thought prompting and more sophisticated role-based prompt strategies.

Lessons Learnt
A key insight from the evaluation process is the critical importance of grounded
context in guiding effective question generation. The consistent performance of
the RAG method across multiple metrics underscores the advantage of coupling
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retrieval mechanisms with generative capabilities. In contrast, GRAG frequently
produced questions and distractors that lacked conceptual relevance, particularly
in abstract or less well-defined topics, underscoring the challenges posed by com-
plex or fragmented knowledge graphs.

Notably, even high-quality questions occasionally contained subtle flaws—such
as unclear distractors or mildly ambiguous phrasing—demonstrating the difficulty
of automating not only surface-level fluency but also deeper pedagogical sound-
ness.

The findings point to several opportunities for improving both RAG and GRAG
methods. For RAG, incorporating more advanced preprocessing and postprocess-
ing steps could further enhance output quality. One promising direction is to in-
troduce a second-stage LLM evaluation, where the model assesses and refines its
own generated questions to improve clarity, relevance and pedagogical value. Sim-
ilarly, an additional step focused on ensuring progression and cohesion across quiz
items could help optimize quiz structure and learner experience.

For GRAG, the results emphasize that success hinges on the structure and qual-
ity of the input knowledge graph. Several refinement strategies emerge as promis-
ing:

• Graph cleaning and enhancement: Preprocessing steps that remove noisy
nodes and enhance semantic cohesion (e.g., clustering or embedding-based
filtering) may improve graph utility.

• Dynamic graph filtering: Tailoring graph content using combined measures
of centrality and semantic relevance could improve contextual grounding
while minimizing distractions from peripheral nodes.

• Topic-specific adaptations: Recognizing that some topics, especially highly
interdisciplinary ones, yield inherently sparser or more fragmented graphs,
adaptive approaches could dynamically adjust the influence of graph-based
input during generation.

Additionally, future work should explore applying GRAG with existing high-
quality knowledge graphs to disentangle whether observed limitations stem from
the graph construction process or from the question generation mechanism itself.

Moreover, it would be valuable to explore the quality of quizzes generated us-
ing a knowledge graph constructed by integrating and linking information across
multiple documents. Such an approach could reveal whether aggregating diverse
sources enhances the coherence, relevance, and depth of the generated questions.

Overall, while GRAG offers a conceptually promising framework, its effective-
ness is highly sensitive to the structure and coherence of the underlying knowl-
edge graph (Chen, 2025). Simply adding more nodes or factual content does not
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guarantee improved outputs; instead, thoughtful graph construction, filtering and
integration are essential to unlocking the full potential of graph-augmented gen-
eration for educational content.

Limitations
Several limitations should be acknowledged when interpreting the findings of this
study. First, the evaluation process relied on human annotators whose judgments,
while guided by a carefully designed and iteratively refined rubric, inevitably in-
troduced elements of subjectivity. At the quiz-level, each quiz was evaluated by a
single annotator, which limits the statistical confidence in detecting subtle quality
differences. However, this was partially compensated by involving an expert re-
viewer to strengthen the validity of assessments. At the question-level, each quiz
item was independently rated by two annotators and their scores were averaged
to mitigate individual biases and balance the diverse perspectives of the 36 raters
involved.

Second, the system was evaluated exclusively on English-language content. As
a result, its generalizability to multilingual, cross-cultural, or non-English educa-
tional contexts remains untested. Differences in linguistic structure, cultural fram-
ing, or educational standards could meaningfully affect both retrieval and genera-
tion quality in other settings.

Finally, this study employed off-the-shelf, pretrained LLMs without domain-
specific fine-tuning. This limits the models’ ability to fully capture specialized
vocabularies, nuanced terminology, or context-specific question styles relevant to
environmental protection and related topics. Incorporating fine-tuning or domain-
adaptive training in future work may further improve performance and relevance.

Ethical Considerations
Automated generation of educational content, particularly assessments, raises im-
portant ethical questions. Inaccurate or misleading questions could misinform
learners or skew evaluation outcomes. Biases present in training data may be re-
flected in generated questions, potentially disadvantaging certain groups or per-
petuating stereotypes.

The use of such technology in high-stakes testing environments should there-
fore involve careful oversight and transparency. Future misuse—such as generat-
ing persuasive misinformation or unfair test items—could arise if quality control
mechanisms are insufficient.
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Sustainability Considerations
Large-scale language models like those used in RAG and GRAG are computation-
ally intensive. The inference process—especially when involving retrieval or en-
semble methods—carries a non-negligible energy footprint. While this project did
not conduct an explicit energy audit, it is important to acknowledge the environ-
mental costs associated with training and deploying LLM-based systems.

Future work could explore more energy-efficient architectures, model distilla-
tion, or caching strategies to reduce repeated inference costs. Promoting sustain-
ability in educational AI systems will be vital as they scale in usage.
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In this study, the application of Graph-based Retrieval-Augmented Generation
(GRAG) to quiz generation was explored and compared to the traditional Retrieval-
Augmented Generation (RAG) method. The findings suggest that while GRAG
showed improvements in terms of quiz structure and reduced redundancy, it faced
challenges in generating quizzes with a smooth progression and relevance as well
as educational usefulness across individual questions. RAG, although producing
relevant and useful individual questions, tended to generate quizzes with lower
overall quality at quiz level possibly due to structural issues and higher redun-
dancy.

The evaluation, both at the question level and quiz level, provided valuable in-
sights into the strengths and weaknesses of each approach. GRAG, which relies on
structured semantic knowledge, performed better in maintaining quiz coherence,
thematic organization and overall quality when looked at quiz level. However, its
performance was impacted by the underlying knowledge graph’s sparsity and the
limitations of current graph-based methods. On the other hand, RAG’s strength
in individual question generation was overshadowed by its inability to effectively
organize those questions into a well-structured quiz.

Overall, while GRAG presents a promising direction for improving quiz gener-
ation, challenges remain in fully leveraging the potential of knowledge graphs to
ensure smooth transitions and progressively challenging questions. The compari-
son of these two methods highlights the importance of both content relevance and
structural coherence in generating educational quizzes.

Future work could focus on improving the integration of knowledge graphs
with more advanced techniques to address the issues of smooth progression, rel-
evance of questions and logical flow. Additionally, further exploration of hybrid
approaches combining the strengths of GRAG and RAG, as well as the refinement
of graph-building techniques to reduce sparsity, could lead to more effective and
coherent quiz generation models.
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Appendix: Tables

Table 1: Graph Statistics
Graph Space Vertices Edges Average

Degree
Density Sparsity Isolated

Nodes
climatesensitivity 15 10 1.3333 0.0476 0.9524 10
carboncapture 28 20 1.4286 0.0265 0.9735 17
biochar 12 10 1.6667 0.0758 0.9242 11
parisagreement 13 10 1.5385 0.0641 0.9359 10
citiesandclimatechange 25 18 1.4400 0.0300 0.9700 14
microgrids 12 8 1.3333 0.0606 0.9394 9
airpollution 37 25 1.3514 0.0188 0.9812 25
enhancedrockweathering 29 20 1.3793 0.0246 0.9754 18
nuclearenergy 15 9 1.2000 0.0429 0.9571 6
nationalclimateassessment 25 20 1.6000 0.0333 0.9667 20
biofuel 13 10 1.5385 0.0641 0.9359 9
investingandclimatechange 30 19 1.2667 0.0218 0.9782 20
extremeheat 26 20 1.5385 0.0308 0.9692 18
forestsandclimatechange 24 14 1.1667 0.0254 0.9746 14
climateresilientinfrastructure 16 9 1.1250 0.0375 0.9625 10
wildfires 28 19 1.3571 0.0251 0.9749 19
permafrost 29 18 1.2414 0.0222 0.9778 20
aviation 20 10 1 0.0263 0.9737 11
phytoplankton 12 10 1.6667 0.0758 0.9242 11
polarjetstreamandpolarvortex 19 15 1.5789 0.0439 0.9561 16
freighttransportation 26 16 1.2308 0.0246 0.9754 15
urbanheatislands 11 5 0.9091 0.0455 0.9545 7
organicwaste 32 19 1.1875 0.0192 0.9808 18
freshwaterandclimatechange 44 27 1.2273 0.0143 0.9857 24
climatetargets 19 10 1.0526 0.0292 0.9708 9
oceanalkalinityenhancement 26 20 1.5385 0.0308 0.9692 15
foodsystemsandagriculture 22 20 1.8182 0.0433 0.9567 6
fusionenergy 17 10 1.1765 0.0368 0.9632 9
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Graph Space Vertices Edges Average
Degree

Density Sparsity Isolated
Nodes

soilbasedcarbonsequestration 32 19 1.1875 0.0192 0.9808 18
fertilizerandclimatechange 26 17 1.3077 0.0262 0.9738 17
steel 39 29 1.4872 0.0196 0.9804 21
renewableenergy 25 19 1.5200 0.0317 0.9683 11
miningandmetals 19 9 0.9474 0.0263 0.9737 10
netzeroemissions 30 19 1.2667 0.0218 0.9782 17
climatemodels 29 20 1.3793 0.0246 0.9754 20
windenergy 22 18 1.6364 0.0390 0.9610 17
greenhousegases 17 10 1.1765 0.0368 0.9632 12
heatingandcooling 38 20 1.0526 0.0142 0.9858 18
electricgrid 45 29 1.2889 0.0146 0.9854 21
hurricanes 29 19 1.3103 0.0234 0.9766 15
lossanddamage 33 20 1.2121 0.0189 0.9811 20
radiativeforcing 12 9 1.5000 0.0682 0.9318 5
scope12and3emissions 21 19 1.8095 0.0452 0.9548 10
mitigationandadaptation 34 20 1.1765 0.0178 0.9822 16
coastalecosystemsandclimatechange 30 18 1.2000 0.0207 0.9793 19
energystorage 16 10 1.2500 0.0417 0.9583 9
solarenergy 29 20 1.3793 0.0246 0.9754 22
sealevelrise 31 19 1.2258 0.0204 0.9796 13
carbonoffsets 13 10 1.5385 0.0641 0.9359 10
publictransportation 34 20 1.1765 0.0178 0.9822 19
climatejustice 25 17 1.3600 0.0283 0.9717 13
climatechangeattribution 30 20 1.3333 0.0230 0.9770 21
transmission 33 19 1.1515 0.0180 0.9820 19
electricvehicles 27 19 1.4074 0.0271 0.9729 19
hydrogen 28 20 1.4286 0.0265 0.9735 22
carbonborderadjustments 28 15 1.0714 0.0198 0.9802 17
concrete 13 10 1.5385 0.0641 0.9359 10
oceanacidification 17 10 1.1765 0.0368 0.9632 8
advancednuclearreactors 31 18 1.1613 0.0194 0.9806 18

105



Appendix: Figures

Figure 1: Evaluation App: Resource Text

Figure 2: Evaluation App: Question
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