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Abstract

In this research, the alignment and mapping between Modular Object-Oriented Dynamic
Learning Environment (Moodle) learning resources and course topics are described using
text similarity methods. The goal of this work is to improve the accuracy of automated
alignment between Moodle course learning resources and course topics by analyzing text
similarity method performance and examining factors that affect how closely they match
expert evaluation. During this research, an expert first mapped the e-course learning
resources to course topics, after which multiple text similarity techniques were applied
to match resource titles and descriptions to those topics. The findings show that the
Large Language Model (LLM)-based solution achieves the lowest mean absolute error
(MAE), the lowest mean squared error (MSE), and the strongest agreement with expert
evaluation. Traditional keyword-based methods, such as Jaccard similarity and Term
Frequency–Inverse Document Frequency (TF-IDF), demonstrate moderate performance,
while the Sentence Bidirectional Encoder Representations from Transformers (SBERT)-
based model shows the weakest alignment with expert evaluation.

Keywords: Moodle; text similarity; course resource-topic alignment; natural language
processing; expert evaluation

1. Introduction
Learning in the virtual environment has become an important part of education, and

one of the most widely used learning management systems (LMS) in the world is Moodle
(Moodle Pty Ltd., Perth, Australia) [1–3]. In this study, the Moodle LMS was selected as the
research platform due to its wide usage in higher education, particularly in universities, its
open-source nature, and its flexibility in supporting different teaching, assessment, and
learning types. Secondly, Moodle provides instructors with the possibility to create learning
resources characterized by a resource name and an optional textual description, to which
text similarity methods can be applied. This structure is compatible with the representation
of course topics in official curriculum documentation, such as the study subject card, where
course content is defined through a set of predefined topics.

In practice, especially in large-scale or long-running courses, instructors frequently
edit learning resources and topics and add new materials incrementally during course
delivery. For this reason, learning resources may not always remain aligned with the
predefined course topics specified in the course syllabus. In such situations, misalignments
may occur between the content of Moodle learning resources and the planned course
topics in the curriculum. Consequently, Moodle-based courses need to be analyzed, as
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these misalignments can negatively affect course coherence and the quality of learning,
highlighting the need to evaluate resource–topic alignment in higher education.

Another aspect that might indicate the need for automated matching between Moodle
courses and the course syllabus is online course delivery. While in-person taught courses
always have a tutor who explains the Moodle course structure and resource presentation,
fully online courses must be self-explanatory and reflect the course content even without
viewing the resources. To ensure that the Moodle course matches the course content and
forms a realistic impression of the course topics, it is important to estimate its alignment
with the syllabus.

Digital learning platforms are used to provide learning materials for students, create
assessments, enable communication and other activities, and therefore the coherence and
structure of online courses are a critical part of course design [4,5]. One aspect of a well-
structured course can be defined as a course where there is clear alignment between
learning resources and the course topics. When a course matches this aspect, it means that
all planned topics are present in the e-course and students can gain knowledge and achieve
the learning outcomes. This evaluation is usually done manually, it is human-based, and
as a result it is time-consuming, requires human resources, and depends on the subjective
opinion of the person who performs the matching.

There are previous studies in which various aspects of learning resource organization
and semantic similarity in educational contexts were analyzed. When doing research
in learning analytics and educational data mining, natural language processing (NLP)
techniques were used to classify learning materials, extract topics or recommend learn-
ing resources [6,7]. Text similarity techniques such as TF-IDF, cosine similarity, word
embeddings and transformer-based models have been used to match textual content to
predefined categories [8–10]. There are also studies where curriculum or syllabus mapping
is performed [11,12], and others propose automated methods for detecting inconsistencies,
redundancies, or duplicate content in learning materials using machine learning and text
similarity techniques [13].

Overall, existing technical studies show that text similarity and machine learning meth-
ods have strong potential for analyzing educational content. Existing research has analyzed
lexical similarity approaches, semantic embeddings, and transformer-based models for text
classification and topic extraction in educational contexts [6–10]. However, most existing
works focus on automated classification or recommendation tasks, while curriculum analy-
sis is typically performed without incorporating expert judgment. In addition, there is a
lack of studies that jointly evaluate lexical similarity methods, semantic embedding models,
and large language model-based approaches within a single experimental framework and
compare their results with expert mappings in real-world Moodle courses.

Existing studies do not compare Artificial Intelligence (AI) generated mappings of
Moodle learning resources to course topics with mappings created by human experts. In
addition, there is a lack of studies analyzing how different text similarity methods align
with expert judgments in Moodle resource–topic mapping tasks. This research addresses
this gap by analyzing the use of text similarity methods for aligning Moodle learning
resources with course topics and comparing the resulting mappings with expert judgments.

The main aim of this study is to investigate how text similarity methods can support
the automated assessment of alignment between Moodle learning resources and course
topics. This study is important because it contributes to the automated assessment of
course structure and consistency in LMS, helping course creators and evaluators identify
redundancies and misalignments between learning resources and course topics, while also
supporting course review and improvement.
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2. Materials and Methods
2.1. Research Design

This research was conducted to evaluate how different text similarity methods can
match Moodle learning resources with course topics from the course syllabus, and it is
designed as a quantitative comparative analysis. In this study, human expert judgments
are used as a reference for evaluating automated text similarity methods applied to align
Moodle learning resources with course topics. Multiple text similarity methods are analyzed
to identify which approaches produce results most consistent with expert evaluations.
This approach is suitable for analyzing alignment accuracy because it compares multiple
algorithms with expert opinion.

The process of this research consisted of several stages, which are shown in Figure 1.
First, data from four Moodle LMS e-courses were collected, including all learning resource
titles and descriptions, as well as the list of official course topics from the syllabus. Second,
an expert created a resource–topic alignment matrix by assigning a percentage of alignment
between each learning resource and each course topic. This expert-created matrix was used
as a structured expert benchmark for evaluating the automated methods.

 

Figure 1. Overview of the research process.

In the next stage, multiple text similarity methods from three categories were
applied: lexical (Jaccard similarity, TF-IDF with cosine similarity, TF-IDF with Euclidean
distance), semantic (SBERT with cosine similarity, SBERT with Euclidean distance), and
LLM-based (ChatGPT (OpenAI, San Francisco, CA, USA)). The goal was to automati-
cally calculate similarity scores between course resources and course topics and, as a
result, generate a similarity matrix comparable to the manually created expert evalua-
tion matrix. Using methods from different categories allows for a more detailed and
comprehensive comparison.

In the last stage, the matrices produced by each text similarity method were compared
with the expert matrix using several metrics, including Mean Absolute Error (MAE),
Mean Squared Error (MSE), the average difference, the standard deviation of differences,
and an accuracy measure showing how many method-generated values differed from
the expert results by no more than three percentage points. This approach allows the
identification of the method closest to human evaluation. Such an evaluation strategy is
commonly used in text similarity research, where algorithmic outputs are compared against
human judgement.

2.2. Dataset Description

The data for this research were collected from four higher education Moodle LMS
e-courses. To reflect course variation, two computer science study program course owners
were invited to collaborate. However, participation in this experiment was low. This
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limitation was caused by course owners’ lack of awareness or unwillingness to collaborate.
In most cases, concern about being evaluated was observed, and course owners indicated
that the course would be shared after planned improvements had been made.

For each course, learning resource titles and descriptions were automatically extracted
from the Moodle database using SQL queries, while official course topics were obtained
from the university information system. Learning resource titles were often very short and
generic, such as “Final exam”, “Laboratory Work No. 1”, or “Homework”. Resource de-
scriptions frequently contained limited semantic information or technical content, including
Hypertext Markup Language (HTML) fragments (e.g., “General news and announcements”,
“<hr/>”, “<p>You have 60 min</p>”). In many cases, the combined resource text consisted
of a generic title paired with a minimally informative description, for example the title
“Final exam” with the description “<p>You have 60 min</p>”.

To conduct the study, separate Excel files were prepared for each course. The structure
of these files was the same: the rows represented the learning resources with their titles
and descriptions, and the columns represented the course topics. The structure of the Excel
files is shown in Figure 2. At this stage, the matrices were empty and served as templates
for the later stages of the research.

Figure 2. Structure of the Excel matrix for mapping learning resources to course topics.

These matrices provided a consistent format for comparing the expert results with the
outputs of the text similarity methods. Once the expert filled in the alignment values, this
structure allowed all results to be analyzed using different evaluation metrics.

Each generated matrix represents a single course. Therefore, four courses result in
four separate matrices. The number of learning resources and course topics varies across
courses, reflecting differences in course size and structure. Some courses contain a relatively
small number of learning resources, while others include a larger and more diverse set of
materials. Resource texts also differ in length and level of detail: some resources consist
only of short or generic titles, whereas others include additional descriptive information.
This variation reflects realistic Moodle course designs, where some courses provide limited
material with minimal metadata, while others contain a larger number of resources with
richer descriptions. The main characteristics of the dataset are summarized in Table 1.
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Table 1. Main characteristics of the dataset.

Course ID Number of Resources Number of Topics Resources with Description

807 60 19 25
2858 22 13 8
3941 155 20 30
6821 21 15 7

These Moodle courses were intentionally selected to represent realistic course config-
urations commonly used in higher education. The selected courses differ in the number
of learning resources, the number of topics, and the availability of resource descriptions,
which allows the evaluation of text similarity methods under different levels of information
detail and course structural complexity. Including both smaller and larger courses, as
well as courses with limited and more detailed resource descriptions, makes it possible to
identify the strengths and limitations of different automated text similarity methods under
diverse practical conditions.

In practice, Moodle courses are often updated during course delivery, and learn-
ing resources are added or modified incrementally. As a result, learning resources dif-
fer significantly in the amount and quality of available textual information. This selec-
tion was therefore motivated by the aim of analyzing how different text similarity meth-
ods perform in realistic Moodle course settings used in practice, rather than relying on
standardized courses.

All data used in this research were fully anonymized. No student information, per-
sonal data, grades, or any other sensitive content were included. Therefore, the dataset is
suitable for further analysis.

2.3. Expert Mapping Procedure

The expert’s task was to evaluate the alignment between Moodle learning resources
and course topics based on the resource titles, descriptions and the list of topics from four
courses. For this purpose, the prepared Excel matrices were used as templates. Each matrix
represented one course and was initially empty, containing only the structure needed for
entering the alignment values.

In the mapping stage, the expert analyzed every learning resource title and description
together with the list of course topics. In this study, the expert was a study program
administrator with comprehensive knowledge of course structures, study plans, and quality
assurance processes. In total, 2 experts were included in the research, each providing
data independently for the courses included in the managed study program. Course
instructors were not selected as experts, as they may be inclined to evaluate their own
courses more positively, for example by assuming that all topics are sufficiently covered, no
redundancies exist, or no misalignments are present. In contrast, the selected experts have a
broader, program-level perspective on course structure requirements and quality standards,
allowing for a more objective assessment of alignment between learning resources and
course topics.

To evaluate how strongly each resource was related to each topic, the expert assigned a
value from 0 to 100 percent for every resource-topic pair. The higher the value, the stronger
the connection between the learning resource and the course topic, and vice versa. As a
result, a resource–topic matrix was created for each course, where every cell contained the
expert–assigned percentage value. An example of an expert matrix is presented in Figure 3.
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Figure 3. Expert resource–topic matrix.

The analysis of expert mapping results shows that a substantial proportion of learning
resources could not be aligned with any course topic. Across the analyzed courses, between
46.7% and 66.7% of resources received zero scores for all topics, indicating that these
resources were too abstract or insufficiently described to allow reliable topic assignment. In
contrast, only 33.3% to 53.3% of learning resources were aligned with one or more course
topics. The detailed results are presented in Table 2.

Table 2. Expert mapping characteristics.

Course ID Number of Resources No Alignment (%) With Alignment (%)

807 60 46.7 53.3
2858 22 54.5 45.5
3941 155 65.2 34.8
6821 21 66.7 33.3

A high proportion of zero scores was observed because the analyzed courses contain
learning resources with administrative or assessment-oriented purposes, such as announce-
ments, exams, homework assignments, or activities labeled in a generic manner (e.g.,
“Theory”) without descriptive metadata. In real-world Moodle courses, many such re-
sources are not directly associated with official course topics defined in the syllabus, as
they primarily serve organizational or assessment functions rather than delivering specific
learning content.

This demonstrates a lack of university and course owner orientation toward fully
online courses, where each resource should be self-explanatory based on its title rather
than requiring users to examine the full content. Currently, university studies are oriented
toward live participation in classes, while Moodle is used as an additional platform for
material sharing. However, when considering fully online course delivery, the obtained re-
sults are concerning and highlight the need for changes in course preparation methodology
and requirements.

Resources with zero alignment scores were intentionally included in the analysis.
Excluding these resources would simplify the dataset and could introduce bias by focusing
only on clearly structured and well-documented learning materials. By preserving all
learning resources, the analysis reflects realistic Moodle course conditions and enables the
assessment of how text similarity methods handle non-topic-specific resources.
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During the expert work, no automated methods or predefined rules were used, the
evaluation was based only on human judgement and interpretation. These matrices serve
as the reference benchmark for assessing the results produced by the automated text
similarity methods.

2.4. Text Similarity Methods

In this research, several text similarity methods from different NLP categories were
used to evaluate the alignment between Moodle learning resources and course top-
ics. These included lexical similarity methods, semantic similarity methods and an
LLM-based approach.

Lexical methods perform well with short texts [14,15], while semantic embedding
methods capture deeper textual meaning. The LLM-based method was included to examine
whether it can approximate human judgement [16,17]. Using all three categories makes it
possible to identify the strengths and weaknesses of each approach and determine which
method performs better for this type of data.

2.4.1. Lexical Similarity Methods

Lexical text similarity methods are based on word overlaps and term frequency [18,19].
Three methods from this category were applied in this study: Jaccard similarity [20,21],
TF-IDF with cosine similarity [22,23], and TF-IDF with Euclidean distance [24].

Lexical similarity methods were implemented using the scikit-learn library, which
was applied for text vector representation and similarity computation. To identify the
most accurate configuration, different preprocessing approaches (e.g., stop words, n-grams)
were tested, and the highest-performing sets were selected for further comparison. These
methods are suitable for the short, context-limited texts characteristic of the Moodle dataset.

2.4.2. Semantic Similarity Methods

Methods from this category analyze text meaning rather than word overlap [25]. In
this study, SBERT, a transformer-based model that represents text as vectors [26,27], was
used to generate embeddings for learning resource and course topic texts. Two distance
metrics were applied: cosine similarity and Euclidean distance.

Embeddings were generated using the sentence-transformers library. Several models
were tested, and paraphrase-multilingual-MiniLM-L12-v2 was selected based on its accu-
racy. Its multilingual capability was particularly suitable, as some resource descriptions
contained both English and Lithuanian text. The impact of model size was not significant,
as the course language is domain-specific and the context is presented similarly across mod-
els. Testing a course-topic-related BERT model was not possible due to limited availability
and multilingual constraints.

Semantic similarity methods are suitable for texts with richer context and more detailed
information. Applying these methods to short texts with limited context, such as the dataset
used in this study, resulted in weaker performance.

2.4.3. LLM-Based Method

A large language model-based solution, ChatGPT (version 5.2), was also used to
generate resource–topic matrix values. The approach was selected due to the model’s
reasoning capabilities [28,29].

For the LLM-based method, the prompt for ChatGPT was formulated using the
R.A.C.E. (Role, Action, Context, Expectation) framework. This framework was used to
clearly define the task, scope, expected results, and output format, and ensure consistent
model behavior across courses. The prompt was structured as follows:
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• Role: You are an educational technology specialist with experience in Moodle
content analysis.

• Action: Evaluate the alignment between Moodle learning resource titles and descrip-
tions and course syllabus topics using a large language model.

• Context: You are provided with an Excel file containing Moodle learning resource
titles and descriptions, as well as the corresponding course syllabus topics.

• Expectation: Generate a percentage-based alignment matrix in which each value
indicates how strongly a Moodle learning resource aligns with a specific course topic.
Provide the results in an Excel file.

For this task, the model was provided with an empty Excel matrix containing learning
resources and course topics. As a result, it generated a matrix with filled values for each
resource–topic pair, in a way like human evaluation. Using this technique, the study tested
whether a reasoning-based model can process texts with limited semantic information.

The ChatGPT web interface was used to perform the evaluation. Direct control over
generation parameters such as temperature, top-p sampling, or random seed was not
analyzed, as it is usually related to answer generation quality rather than the provided
data analysis. Across all analyzed courses the same prompt formulated using the R.A.C.E.
framework was applied. Prompt engineering was conducted to find the best matching
prompt for obtaining a structured response for the task.

This approach was used to reduce output variability and improve procedural consis-
tency by employing a fixed and clearly structured prompt. The same prompt formulation
was consistently used for all courses. However, because the web interface does not allow
full control over generation parameters, complete reproducibility cannot be guaranteed.
The described setup provides a consistent evaluation procedure within the analyzed dataset,
but minor variability across runs remains possible.

2.5. Mapping Generation

The mapping between learning resources and course topics was created by applying
the text similarity methods to the prepared dataset for each Moodle course. First, the text
of each learning resource was preprocessed: the resource title and description were merged
into a single text field. This was done because resource titles are often short or very generic
(e.g., “Laboratory Work No. 1”) and do not clearly indicate the corresponding course topic.
Combining titles with resource descriptions provides additional contextual information,
resulting in a more informative representation for alignment analysis. After that, the text
was cleaned, including the removal of HTML tags and other unnecessary elements.

In the next step, each learning resource was compared with each course topic, and
similarity scores were produced by the selected methods. This process followed a many-to-
many approach, where every resource was evaluated against every topic.

In this stage, a matrix was produced for each course by each text similarity method.
Every matrix had the same structure consisting of rows, columns and cells:

• Learning resources were represented by the rows;
• Course topics were represented by the columns;
• Each cell contained the similarity score produced by the specific method.

The generated matrices could be evaluated together with the expert-created matrices
because all of them shared the same structure and scale. For each course, four matrices
were produced using different text similarity methods. These matrices are required for the
next step, where each method is evaluated and compared with the expert results.
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2.6. Evaluation Metrics

Several quantitative metrics were used to evaluate how closely each text similar-
ity method matched the expert evaluation. Using these metrics, the expert matrix was
compared with the matrices generated by the automated methods.

The selected metrics were: mean absolute error (MAE), mean squared error (MSE),
average difference, standard deviation of differences, and accuracy. MAE and MSE quantify
the magnitude of deviations between expert and automated scores, while the average
difference and its standard deviation indicate systematic bias and variability across resource–
topic pairs. Accuracy reflects the proportion of cases where the normalized score difference
did not exceed three units.

When used together, these metrics provide a more detailed view of how closely
automated methods align with expert judgments. Each metric captures different aspects
of method performance, reducing reliance on a single measure and supporting a more
balanced evaluation.

2.7. Ethical Considerations

In this research, humans did not participate as research objects and personal data
were not used. The dataset did not contain student data, grades or personal identification
information. All data contained only course structural information. Ethical approval was
not required.

2.8. Generative AI Usage Disclosure

In this study, the generative artificial intelligence tool ChatGPT was used. It was used
as one method for generating resource–course topic scores, as described in Section 2.4.3. In
addition, ChatGPT was used for text editing, including grammar, spelling, punctuation
and lexical error correction, as well as translation into the English language. In both
cases, version 5.2 of the ChatGPT model was used. Generative AI was not used for any
other purposes.

3. Results
In this part of the article, the results of comparing automated text similarity methods

with expert-defined resource–topic mappings are presented. Several evaluation metrics
were calculated, including mean absolute error (MAE), mean squared error (MSE), average
difference, standard deviation of differences, and accuracy. In the analysis of the results, the
focus is placed on MAE, MSE, and accuracy, as these metrics are the most informative for
method comparison. Mean difference and standard deviation were used as supplementary
metrics. However, they did not affect the relative ranking of the methods and are therefore
not discussed in detail. Detailed results are presented in the following subsections.

3.1. Overall Comparison with Expert Evaluation

This section presents the aggregated results of all analyzed courses, comparing auto-
mated methods with expert evaluations. Metrics such as MAE, MSE, and accuracy were
used to provide an overall performance assessment. The reported values represent averages
across all analyzed courses.

Clear performance differences between the applied methods are observed. The LLM-
based method achieved the best overall results, showing the lowest MAE and the highest
average accuracy across courses, indicating the closest approximation to expert judge-
ment. This performance is likely related to the model’s ability to interpret contextual
relationships between learning resource data and course topics rather than relying solely on
word overlap.
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In contrast, SBERT-based methods exhibit high error values and low accuracy. Moodle
resource titles and descriptions are often short and generic, providing limited semantic in-
formation for embedding models. When texts lack context, semantic similarity becomes less
reliable, resulting in weaker alignment with expert evaluations. Additionally, some course
topics might contain Information and Communication Technology (ICT) area-specific ter-
minology, which complicates the accurate embedding of those terms. If embedding models
for each study field or even program existed, this could potentially improve the comparison
results by providing better context representation.

Distance-based approaches using Euclidean distance demonstrate extremely poor
performance across methods, suggesting a mismatch between sparse high-dimensional text
vectors and distance-based metrics. In such representations, Euclidean distance can amplify
small differences between vectors, leading to very large error values and near-zero accuracy.
Meanwhile Jaccard and cosine distance based lexical comparison results are surprisingly
high, showing the 2nd and 3rd result among the experiments. These distance metrics focus
on similarity rather than absolute magnitude. Cosine distance measures the angle between
vectors, capturing similarity in patterns while ignoring size, which is especially effective for
text and embeddings. Jaccard distance measures overlap between sets, making it ideal for
binary or sparse data where shared absence should not matter. Considering the different
lengths of the compared texts, Jaccard and cosine distances were more suitable to reflect
the topic rather than achieving a full text match.

Overall, the results presented in Table 3 suggest that methods capable of capturing
contextual meaning are more suitable in this case, where the relationship between resource
data and course topics is not always explicitly defined.

Table 3. Performance of automated methods across all courses compared to expert evaluation.

Method Mean MAE Mean MSE Mean Accuracy (≤≤≤3)

LLM-based (ChatGPT) 1.52 31.22 88.09%
Lexical (Jaccard) 2.23 31.69 77.97%

Lexical (TF-IDF cosine) 2.64 50.96 77.18%
Lexical (TF-IDF Euclidean) 41.78 1747.00 0.00%

SBERT Cosine 21.18 695.11 8.70%
SBERT Euclidean 44.66 2005.55 0.00%

Considering that the LLM-based solution achieved the lowest mean absolute error
and that the standard deviation across the analyzed courses was relatively small (0.56),
the results indicate comparatively small deviations from expert evaluations within the
analyzed dataset. The observed variation (approximately 0.4–2.6%) is smaller than the 5%
step size used in expert scoring.

3.2. Performance of Lexical Similarity Methods

This section presents the results of lexical similarity methods. Three lexical techniques
were analyzed: Jaccard similarity, TF-IDF cosine similarity, and TF-IDF Euclidean similarity.
The performance of these methods is evaluated across individual courses.

Among the lexical approaches, Jaccard similarity shows the best performance across
all courses, achieving lower error values and higher accuracy compared to TF-IDF cosine
similarity. The strong performance of the Jaccard method suggests that direct term overlap
remains useful in educational datasets, where course topics and resource titles often share
key terminology. Its simplicity also makes it more robust when texts are short.

TF-IDF cosine similarity demonstrates slightly weaker performance but remains rela-
tively stable across courses. This stability suggests that weighted lexical methods can serve
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as reliable baseline approaches, particularly when similar terminology is used throughout
a course.

In contrast, the TF-IDF Euclidean method performs poorly in all courses, exhibiting
high error values and zero accuracy regardless of the number of learning resources or
course topics. This indicates limited agreement with expert-defined mappings. The results
also suggest that distance-based metrics are not well suited for sparse textual data and
should therefore be applied cautiously in such tasks.

Overall, lexical methods demonstrate moderate but consistent performance, indicating
that simple term-based approaches remain strong baselines for resource–topic alignment
tasks. Detailed lexical similarity results for each course are presented in Table 4.

Table 4. Performance of lexical similarity methods.

Course ID Method MAE MSE Accuracy (≤≤≤3)

807 Jaccard 1.50 18.88 84.21%
807 TF-IDF cosine 1.72 29.98 84.12%
807 TF-IDF Euclidean 41.63 1733.48 0.00%

2858 Jaccard 2.09 29.10 82.17%
2858 TF-IDF cosine 2.35 44.25 79.72%
2858 TF-IDF Euclidean 41.73 1741.82 0.00%
3941 Jaccard 3.32 54.30 65.52%
3941 TF-IDF cosine 4.12 96.57 66.48%
3941 TF-IDF Euclidean 42.04 1771.92 0.00%
6821 Jaccard 2.02 24.47 80.00%
6821 TF-IDF cosine 2.36 33.03 78.41%
6821 TF-IDF Euclidean 41.72 1740.80 0.00%

3.3. Performance of Semantic Similarity Methods

This section presents the results of semantic similarity methods based on SBERT
embeddings. Two approaches from this category were analyzed: SBERT with cosine
similarity and SBERT with Euclidean similarity. The performance of these methods is
evaluated across individual courses.

Semantic similarity methods perform worse than lexical and LLM-based approaches
across all courses. SBERT cosine similarity exhibits high error values and low accuracy,
indicating limited agreement with expert-defined mappings, while SBERT Euclidean simi-
larity shows the poorest performance among all evaluated methods, with very high error
values and zero accuracy.

One explanation for these results is the nature of Moodle resource data. Resource
titles and descriptions are often very short and lack contextual information, providing
limited semantic signals for transformer-based models and reducing the effectiveness of
SBERT embeddings.

Another contributing factor is the structure of course topic titles, which frequently
contain abstract or administrative phrasing rather than descriptive language. This weakens
the semantic match between resources and course topics and may further explain the low
performance of embedding-based models in this setting.

The findings suggest that the effectiveness of semantic similarity methods is strongly
influenced by dataset characteristics, particularly text length and contextual clarity. Detailed
semantic similarity results for each course are presented in Table 5.
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Table 5. Performance of semantic similarity methods by course.

Course ID Method MAE MSE Accuracy (≤≤≤3)

807 SBERT cosine 15.93 411.24 15.61%
807 SBERT Euclidean 43.67 1912.40 0.00%

2858 SBERT cosine 17.28 450.10 10.49%
2858 SBERT Euclidean 43.89 1931.08 0.00%
3941 SBERT cosine 26.29 974.58 3.94%
3941 SBERT Euclidean 45.62 2095.56 0.00%
6821 SBERT cosine 25.21 944.53 4.76%
6821 SBERT Euclidean 45.47 2083.17 0.00%

3.4. Performance of the LLM-Based Method

This section presents the results of the LLM-based method (ChatGPT) in comparison
with expert evaluations across individual courses. The LLM-based method demonstrates
the strongest agreement with expert evaluations among all automated approaches, achiev-
ing the lowest error values and the highest accuracy when compared to lexical and semantic
similarity methods.

The strong performance of this approach may be explained by its ability to interpret
meaning and identify relationships between course topics and resource titles, even when
direct textual similarity is limited. Unlike traditional similarity methods that rely mainly on
word overlap or vector distance, LLMs can capture contextual information more effectively.

The findings suggest that LLM-based solutions can serve as useful tools for resource–
topic alignment. Detailed LLM-based results for each course are presented in Table 6.

Table 6. Performance of the LLM-based method by course.

Course ID MAE MSE Accuracy (≤≤≤3)

807 0.97 22.20 93.42%
2858 1.31 21.60 88.81%
3941 2.29 66.12 86.65%
6821 1.50 14.97 83.49%

3.5. Qualitative Analysis of Methods Agreement with Expert Mapping

A qualitative analysis was conducted using selected examples of resource–topic map-
pings to provide deeper insight into the observed performance patterns. These cases
illustrate both agreement, disagreement, and non-alignment between automated methods
and the expert-defined mappings.

The examples were intentionally selected as representative cases reflecting broader
trends across the dataset. This approach enables clearer interpretation of alignment errors
and methodological differences. For each automated method, the reported topic represents
the highest-scoring match within the similarity matrix. The selected examples are presented
in Table 7.

The results presented in Table 7 indicate that the effectiveness of similarity methods is
closely related to how clearly learning resources reflect their associated topics. When the
topic is explicitly stated in the resource title, all automated methods demonstrate strong
agreement with the expert-defined mapping, as illustrated in the first and third examples.

In contrast, when key terminology is not directly included in the title, lexical similarity
produces weaker alignment. This is evident in the second example, where the resource
title does not explicitly mention MapReduce. As a result, the lexical method assigned the
resource to a less relevant topic, whereas the SBERT-based approach successfully identified
the correct mapping by utilizing contextual information from the resource description.
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Table 7. Agreement, disagreement, and non-alignment.

Resource Description Expert Lexical SBERT LLM

Distributed
file systems -

Distributed file
systems and cache.

NFS, AFS.

Distributed file
systems and cache.

NFS, AFS.

Distributed file
systems and cache.

NFS, AFS.

Distributed file
systems and cache.

NFS, AFS.

Midterm exam no 2

During the lecture
implement one task

from block A and one
task from block B.
The midterm is on

MapReduce
principles.

Map-reduce
application for
data processing

Distributed file
systems and cache.

NFS, AFS.

Map-reduce
application for
data processing

Distributed file
systems and cache.

NFS, AFS.

Spark and
other frameworks - Spark usage for

data analysis.
Spark usage for
data analysis.

Spark usage for
data analysis.

Spark usage for
data analysis.

Homework Task - - Spark usage for
data analysis. -

Another important observation concerns resources that were not assigned to any
topic by the expert. In such cases, most methods correctly avoided mapping the resource.
However, the SBERT model generated a false-positive alignment, suggesting that semantic
models may occasionally infer relationships that are not actually present.

Overall, these examples support the trends identified in the previous sections and provide
additional insight into how alignment errors occur across different similarity methods.

4. Discussion
The results of this research show clear differences in how automated methods perform

when mapping Moodle learning resources to course topics in comparison with expert-
defined mappings. These differences make it possible to identify more suitable and effective
methods for automated resource–topic alignment.

Taken together, these findings suggest that the effectiveness of text similarity methods
depends strongly on dataset characteristics rather than on methodological complexity alone.
Lexical approaches tend to perform better when terminology overlaps and texts are short,
whereas embedding-based models require richer contextual information to operate reliably.
In contrast, LLM-based methods appear particularly well suited for such situations due to
their ability to interpret meaning beyond explicit textual similarity.

Among all evaluated approaches, the LLM-based method demonstrates the strongest
agreement with expert evaluations across all courses. It achieves the lowest error values
and the highest accuracy, indicating that large language models are well suited for scenarios
where the available textual information is limited. This behavior is the most similar to
expert judgment and may be attributed to the reasoning and contextual understanding
capabilities of LLMs.

Lexical similarity methods show moderate performance. These approaches can par-
tially reproduce expert-defined mappings, but their reliance on surface-level text overlaps
limits their ability to capture deeper semantic relationships. As a result, their performance is
lower than that of the LLM-based method, although they consistently outperform semantic
embedding approaches.

Semantic similarity methods based on SBERT embeddings perform worst in this study.
When applied to short and generic Moodle resource titles and descriptions, these methods
produce high error values and low accuracy. This indicates that semantic embedding
models are less effective in cases where textual information is limited and lacks sufficient
contextual detail.

An important characteristic of the mapping results is the distribution of alignment
values across the matrices. Both expert-defined and automated mappings, particularly
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those produced by lexical and LLM-based methods, contain a high proportion of zero-
valued cells. This reflects learning resources that are not aligned with specific course topics
and partially explains the higher agreement observed for these methods compared to
SBERT-based approaches.

From a practical perspective, these findings suggest that institutions seeking to im-
plement automated evaluations similar to that examined in this study should carefully
consider dataset properties when selecting similarity methods.

Several limitations of this study should be acknowledged. Moodle learning resource
metadata is often short, general, and limited in semantic content, which negatively affects
the performance of semantic similarity methods. In addition, the mapping matrices were
created by two experts working independently. Although both experts had a strong un-
derstanding of course structure and quality assurance requirements, no formal inter-rater
agreement metric was computed. As a result, the expert matrix should be interpreted
as a structured expert benchmark rather than a statistically validated ground truth. This
introduces a degree of subjectivity that may influence evaluation outcomes and the com-
parative performance assessment of automated methods. Furthermore, the LLM-based
evaluation was conducted using the ChatGPT web interface, which does not allow full
control over generation parameters. Although a fixed prompt was consistently applied
to reduce variability, complete reproducibility cannot be guaranteed, and minor output
variation across runs remains possible.

Despite these limitations, the findings indicate that automated methods can approxi-
mate expert evaluations when applied to realistic Moodle data. The results highlight the
importance of selecting appropriate methods for effective resource–topic alignment and
demonstrate the strong potential of LLM-based approaches for analyzing course structure
and supporting quality assurance in digital learning environments.

Future research could address the mentioned limitations in several ways. First, incor-
porating additional data sources, such as the full content of learning materials rather than
only resource titles and descriptions, could provide richer semantic context and improve
the performance of automated alignment methods. Second, involving additional experts
and formally assessing inter-rater agreement would strengthen methodological robustness
and reduce potential bias in the evaluation framework. Third, future studies could employ
Application Programming Interface (API)-based LLM implementations with controlled
generation parameters to enhance reproducibility and enable systematic evaluation of
output stability.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
API Application Programming Interface
HTML Hypertext Markup Language
ICT Information and Communication Technology
LLM Large Language Model
LMS Learning Management System
MAE Mean Absolute Error
Moodle Modular Object-Oriented Dynamic Learning Environment
MSE Mean Squared Error
NLP Natural Language Processing
SBERT Sentence Bidirectional Encoder Representations from Transformers
TF-IDF Term Frequency-Inverse Document Frequency
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