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Abstract. While Student Evaluation of Teaching Work (SETW) is a corner-
stone of quality assurance in higher education, the high volume and linguistic
complexity of unstructured qualitative feedback often lead to its underuti-
lization in institutional decision-making. This study addresses this “analysis
gap” by developing an automated pipeline to process 34,000 unique Hungar-
ian student responses from a major research university. To empower academic
administration and faculty leadership with the ability to uncover latent the-
matic patterns within these responses, we propose a hybrid NLP framework
that utilizes a Large Language Model (LLM) for thematic reclassification and
Aspect-Based Sentiment Analysis (ABSA), combined with an unsupervised
layer for fine-grained latent topic discovery using transformer-based embed-
dings and HDBSCAN clustering. Our proposed pipeline successfully identi-
fied new granular latent topics — such as lecture pacing, traceability, material
accessibility and slides — providing a level of diagnostic detail that remains
invisible to standard quantitative metrics. The results prove that modern
natural language processing (NLP) techniques can effectively transform raw,
unstructured student narratives into objective, actionable diagnostic tools.
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1. Introduction

University quality assurance mainly relies on student feedback, containing crucial
information about the institution’s performance. Student Evaluation of Teach-
ing Work (SETW) provides universities with a systematic mechanism to assess
pedagogical effectiveness and identify areas for improvement. While quantitative
Likert-scale ratings offer a convenient numerical summary of student satisfaction,
their interpretability is inherently limited. The most informative insights are often
embedded in textual comments, where students articulate the underlying reasons
behind their evaluations. These qualitative responses reveal nuanced perspectives
on teaching practices, course organization, and learning environments that remain
invisible in purely quantitative assessments. Despite their potential value, extract-
ing actionable insights from large volumes of textual feedback remains a persistent
challenge for universities. Large institutions frequently collect tens of thousands of
individual responses each semester, making manual analysis both impractical and
prone to subjective interpretation. As a result, a substantial portion of qualitative
student feedback remains underutilized in institutional decision-making processes.
This problem becomes even more pronounced in multilingual educational environ-
ments. In the Hungarian context, for example, the morphological complexity of the
language significantly increases the difficulty of traditional natural language pro-
cessing approaches, while institutional differences in evaluation frameworks across
faculties further complicate the systematic interpretation of feedback.

Previous research has explored automated methods for analyzing student feed-
back, including sentiment analysis and topic modeling [5, 10, 13]. While these
approaches have demonstrated promising results, they often face limitations when
applied to large multilingual datasets.

To address these challenges, this study presents a large-scale case study of
automated qualitative feedback analysis conducted at the University of Szeged,
involving more than 34,000 unique student responses. Our research identifies pre-
viously unrecognized thematic patterns in texts, hence it transforms unstructured
student narratives into structured, interpretable insights. Concurrently, this work
addresses the following central research question: How effectively can modern NLP
techniques, including Large Language Models and transformer-based embeddings,
automatically extract meaningful topics and sentiments from large-scale student
feedback in higher education?

To achieve this goal, we propose a hybrid Natural Language Processing (NLP)
pipeline (see Figure 1) that combines large language model-based classification
with modern embedding techniques and density-based clustering methods. The
framework first harmonizes heterogeneous faculty-level feedback into the new in-
stitutional categories while simultaneously identifying sentiment expressed toward
specific aspects of teaching. Subsequently, multilingual text embeddings are cre-
ated to capture semantic similarities between responses, enabling the discovery of
latent thematic clusters that reveal recurring student concerns. These clusters then
recive an appropiate name based on their text such as lecture pacing, course
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organization, or material accessibility and slides. To furthure enhance the
preocessing the results are summerized in a interactive dashboard.

The primary contribution of this work is the demonstration of a scalable metho-
dology for transforming large-scale qualitative student feedback into actionable in-
stitutional knowledge. By integrating automated categorization, sentiment analy-
sis, and unsupervised topic discovery within a single analytical framework, the pro-
posed approach enables universities to move beyond aggregate satisfaction scores
and uncover the underlying drivers of student experience. The results illustrate
how modern opinion mining techniques can support evidence-based educational
governance and help institutions more effectively respond to student needs.

We also contribute to the Hungarian NLP research as we evaluate the effective-
ness of open Large Language Models in processing Hungarian-language student
feedback, focusing on few-shot learning for both category classification and aspect-
based sentiment analysis, and conduct a systematic comparison of state-of-the-art
multilingual embedding models to assess their ability to capture semantic structure
in Hungarian textual data.

Excellent Excellent i
q [0.6, ..., 0.4] Cluster: 1 Cluster:
presenter! presenter! Presentation
——» —Teaching — ?
= : @ g
= ? ) AAA
SIS Categorization Embedding Clustering Topic labeling
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Figure 1. Schematic view of our proposed pipeline.

1.1. Related work

The automated analysis of student feedback through NLP has become an increas-
ingly prominent field of study [1]. In the international literature, various method-
ologies have been proposed for thematic discovery and sentiment detection within
educational datasets. A widely adopted approach is the application of Latent
Dirichlet Allocation (LDA) for topic modeling. For instance, SUN, YAN (2023) uti-
lized LDA to extract key themes related to the quality of teaching and learning from
student narratives [13]. Beyond internal pedagogical assessment, student reviews
from online platforms have also been utilized for institutional SWOT analyses.
In this context, SRINIVAS, RAJENDRAN demonstrated a framework that combines
LDA-based topic modeling with rule-based sentiment detection to identify organi-
zational strengths and weaknesses [12]. These foundational attempts at thematic
discovery underscore the potential of automated qualitative analysis, which our
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research seeks to refine using more contextually aware semantic models.

The rise of Massive Open Online Courses (MOOCs) has further catalyzed the
development of more complex student feedback analysis. To determine the po-
larity of large-scale feedback, BAQACH, BATTOU (2024) implemented a pipeline
using BERT-based embeddings coupled with deep neural networks, incorporating
both convolutional and dense layers for classification [3]. More recent compara-
tive research has shifted focus toward the efficacy of different embedding strate-
gies. Specifically, it has been observed that high-parameter foundation models and
their corresponding embeddings can provide superior semantic representation in
clustering tasks when compared to traditional BERT-scale architectures [6]. Our
methodology builds upon this shift toward high-parameter embedder models, uti-
lizing their deep semantic representations to enhance the granularity of student
feedback clusters.

Paralleling this shift, MERSHA, KALITA, ET AL. (2024) established an end-
to-end semantic-driven topic modeling framework that utilizes Sentence-BERT
representations combined with UMAP dimensionality reduction and HDBSCAN
density clustering to isolate coherent thematic regions from noisy text corpora
[8]. In the Hungarian higher education landscape, the quantitative results of Stu-
dent Evaluation of Teaching Work (SETW) are often made publicly available by
institutions such as the University of Veterinary Medicine Budapest and the Uni-
versity of Szeged. However, the systematic application of NLP to the qualitative,
textual portions of these surveys remains less documented in the academic litera-
ture. Nevertheless, data mining and opinion detection have been applied to other
Hungarian-language domains. OSVATH, YANG Z1JIAN, K6saA (2022) explored pa-
tient experience narratives, utilizing Uniform Manifold Approximation and Pro-
jection (UMAP) for dimensionality reduction and subsequent topic modeling [10].
Similar methodologies have appeared in the clinical sector as well; for example,
HINEK (2024) utilized LDA to identify key thematic dimensions within Hungarian-
language hotel guest reviews [5]. These studies highlight the ongoing transition
from traditional statistical methods toward context-aware semantic analysis in the
processing of Hungarian textual data. By situating our research within this evolv-
ing Hungarian landscape, we aim to extend these localized NLP successes into the
specific domain of educational evaluation using more advanced generative architec-
tures.

Methodologically, our research is most closely aligned with the framework pre-
sented by OSVATH, YANG ZIJIAN, KOSA (2022). Unlike their approach, we utilize
Large Language Models (LLMs) for automated topic labeling, leveraging the exten-
sive world knowledge inherent in these foundation models to generate descriptive
and contextually accurate titles for the emergent clusters. Furthermore, we imple-
ment LLM-based Aspect-Based Sentiment Analysis (ABSA), allowing for a more
nuanced evaluation of student feedback compared to traditional sentiment detec-
tion methods.
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2. Methodology

2.1. Dataset

The dataset utilized in this study was provided by the Directorate of Academic
Affairs at the University of Szeged. The corpus comprises student responses from
two distinct faculties (Faculty 1 and Faculty 2) spanning three academic semesters:
the full 2023/2024 academic year and the first semester of 2024/2025. All data
were anonymized at the database level to ensure the privacy of both instructors
and students before being released for research purposes.

The dataset is primarily composed of Hungarian textual feedback, though it
also contains a small proportion of English and French responses. This multilin-
gual characteristic necessitated the use of a multilingual embedding model in the
subsequent stages of the pipeline [14]. The questionnaires used by the two faculties
differed significantly in their qualitative framing:

o Faculty 1 employed multiple specific, instructor-focused questions (e.g., “To
what extent was the instructor’s delivery conducive to note-tak-
ing?”).

e Faculty 2 used a broader, more general approach, including self-reflective
prompts (e.g., “Self-reflection: What have you done to achieve the
best possible performance in this course?”).

An analysis of participation revealed a participation paradox: Faculty 2, de-
spite offering fewer open-ended questions, generated a higher absolute volume of
responses than Faculty 1. However, responses from Faculty 1 were generally longer
and more detailed, with an average token count of 17.9 compared to 15.8 for Fac-
ulty 2.

The raw dataset underwent an initial preprocessing phase to ensure data qual-
ity. This included the removal of duplicate entries and responses consisting solely
of non-alphanumeric characters (e.g., punctuation marks or symbols). Following
these steps, the final corpus for analysis contained 34,000 unique responses with a
vocabulary size of 42,809 tokens. For the statistics summary, see Table 1.

Table 1. Descriptive Statistics of the SETW Corpus.

Metric Faculty 1 | Faculty 2 | Token

Number of unique responses 15,688 18,313 34,000
Mean token count 17,9 15,8 16
Median token count 11 13 12

Vocabulary size (Tokens) 27,225 26,763 | 42,809

From this set of answers 20 samples were selected randomly -a answer could
only be picked once- from each question as a result we gathered 200 responses.
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From these answers we have annotated the samples into the 6 given categories and
also assigned the sentiment values for each category. There were two annotators,
who used annotation guidelines provided from the Academic Affairs office’. The
initial inter annotator agreement — averaged Cohen’s kappa for each class — came
out as 0.96 and for the aspect based sentiment annotation as 0.94. After each
annotator finished they have discuissed the cases of disagreement and assigned the
final value.

2.2. Categorization and aspect-based sentiment analysis

To address the structural heterogeneity of the faculty-level questionnaires, we im-
plemented a standardized classification layer based on a unified framework of six
core dimensions: teachers preparation, safe study environment, require-
ments, teaching, teachers availability and methodology (plus a “neutral”
category). These dimensions are strategically designed to serve as the structural
framework for the university’s future standardized evaluation system. Given that
the research corpus consists of legacy data with non-uniform qualitative framing,
the necessity to reconcile historical feedback with these upcoming administrative
requirements motivated the integration of this classification layer into our pipeline.

For the categorization and aspect-based sentiment analysis, we have compared
three LLMs Llama-3-70B-Instruct, Qwen2-72B-Instruct, DeepSeek-1lm-67b-chat [2,
11]. A critical feature of our pipeline is the integration of Aspect-Based Sentiment
Analysis (ABSA). Rather than assigning a single global sentiment score to an
entire response, the model identifies the specific polarity — Positive, Neutral, or
Negative — associated with each identified category within the text.

We employed an in-context learning strategy with few-shot prompting, provid-
ing the model with category definitions and three representative examples for both
classification and aspect-level sentiment detection?. To validate the system’s per-
formance, we established an evaluation protocol using a gold standard dataset of
200 manually annotated examples.

The vectorization, clustering steps were performed for each category separately
at the review level.

2.3. Unsupervised latent topic discovery

As one of our main objectives is to discover new actionable topics, we have imple-
mented the following steps into the pipeline.

2.3.1. Vectorization

To enable unsupervised clustering, the unstructured textual responses were trans-
formed into high-dimensional dense vectors. In our experimental setup, we eval-
uated and compared two state-of-the-art multilingual transformer-based architec-

L Annotation guidelines: https://github.com/szegedai/StudendOpinionMining
2Prompt template: https://github.com/szegedai/StudendOpinionMining
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tures: Jina-v3, drawing on the recent findings of CSANYI ET AL. (2024), and the
Qwen3-Embedding-8B model [4, 14].

These specific architectures were selected for their ability to handle the morpho-
logical complexity of the Hungarian language while providing a unified semantic
space. This ensures a consistent and comparable representation across the multi-
lingual (Hungarian, English, and French) corpus.

2.3.2. Topic discovery

For the discovery of latent topics, we employed Hierarchical Density-Based Spa-
tial Clustering of Applications with Noise (HDBSCAN) [7]. Unlike centroid-based
methods such as K-means, HDBSCAN does not require a pre-defined number of
clusters and is capable of identifying groups of varying shapes and densities. Cru-
cially, the algorithm explicitly identifies “noise” — responses that do not align with
any distinct thematic cluster — thereby ensuring that the resulting topics remain
semantically coherent. To optimize the clustering results, we conducted a random
search for the minimum cluster size parameter, defined within the range of [2, VN 1,
where N represents the sample size of the given aspect. The clustering quality was
validated using a density-based validity index [9], which measures the stability and
separation of the identified themes.

2.3.3. Automated topic labeling

To ensure the administrative utility of the clusters, we implemented an automated
labeling procedure using a LLM. The model was tasked with generating concise,
descriptive titles for each cluster by analyzing a subset of representative responses.
During the development of this procedure, we compared two distinct sampling
strategies for providing context to the LLM. Centroid-based sampling: Selecting
the ten responses closest to the cluster centroid in Euclidean distance. Random
sampling: Selecting ten responses at random from within the cluster.

3. Results and discussion

3.1. Categorization

The effectiveness of the few-shot prompting strategy was validated on a manually
annotated gold standard dataset of 200 examples. As summarized in Table 2,
the Llama-3 model outperformed its counterparts, achieving a weighted F'1 -score
of 0.72. A notable observation during the benchmarking process was the model’s
sensitivity to prompt length; while few-shot examples were critical for performance,
an excessive number of examples in the prompt led to a gradual degradation in
accuracy, particularly for shorter student responses.

Following validation, the model was deployed to classify the full corpus of 34,000
unique responses. The distribution of labels revealed a significant class imbalance,
reflecting the primary concerns of the student body. The Methodology category
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Table 2. Classification performance comparison across models

(N = 200).
Model Weighted F1
Llama-3-70B-Instruct 0.72
Qwen2-72B-Instruct 0.60
DeepSeek-1lm-67b-chat 0.58

emerged as the most prominent dimension, particularly within Faculty 1, account-
ing for nearly half of the thematic assignments.

In order to further show the result of the classification Table 3 shows each
classes F'1 score and their support.

Table 3. LLama F1 scores across classes and their support.

Class F'1 score | Support
Methodology 0.78 108
Teachers preparation 0.73 90
Save Study Environment 0.60 19
Teacher Accesibility 0.0 5
Requirements 0.76 12
Teaching 0.66 6
Neutral 0.68 37

3.2. Aspect-based sentiment analysis

The evaluation of the sentiment analysis component focused on the model’s ability
to assign correct emotional valence to specific classes. As with the classification
task, performance was measured against the gold standard dataset of 200 manually
annotated examples. The results, summarized in Table 4, show that the Llama-
3-70B-Instruct model achieved a F'l-score of 0.82, outperforming both Qwen2
and DeepSeek. Table 5 summerizes the F1 scores achived with the Llama model
for each sentiment level.

Table 4. Model performance comparison on aspect-based
sentiment analysis (N = 200).

Model Sentiment (F'1)

Llama-3-70B-Instruct

0.82

Qwen2-72B-Instruct

0.79

DeepSeek-1lm-67b-chat
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The higher F'1-scores for sentiment analysis compared to classification suggest
that identifying emotional polarity is a less ambiguous task for LLMs than thematic
categorization within a specialized administrative framework.

By employing ABSA, the pipeline successfully identified “mixed” reviews that
would be lost in a global sentiment approach. For instance, in cases where a stu-
dent praised an instructor’s preparedness but critiqued the course requirements,
the model correctly assigned a Positive label to the “Teachers Preparation” aspect
and a Negative label to the “Requirements” aspect. This granularity allows uni-
versity management to differentiate between interpersonal success and structural
curriculum issues, providing a more balanced view of faculty performance.

Qualitative review of the ABSA results indicated that the model’s “world knowl-
edge” was instrumental in handling ambiguous feedback. Llama-3-70B proved ca-
pable of identifying the correct category even when students used non-technical
language or slang. For instance the text “I loved the long classes on Monday
mornings, with the teachers soporific voice!”, which can be interpreted as a
positive feedback about the lecturers class, but if we see the question for context:
“What would you suggest to change regarding the work of the instruc-
tor?”, the word loved gets a sarcastic meaning and changes the answers polarity.

Table 5. F1 scores across classes for Aspect Based Sentiment

Analysis.
Sentimen | F'1 score
Positive 0.89
Neutral 0.43
Negative 0.86

3.3. Vectorization performance and embedder selection

The selection of the Qwen3-embedding-8B model was driven by a comparative
evaluation against the Jina-v3 multilingual model. To assess the models’ ability to
capture the semantic nuances of the Hungarian language in an academic context,
we performed a similarity-based retrieval test using reference student comments.
Our primary selection criterion was to identify which model consistently placed
semantically similar responses in closer proximity to the reference text within the
vector space.

In the first comparative example, for the reference text “There were few
practical examples”, the Qwen model’s nearest neighbor was “Sometimes it
was hard to follow the pace; it would be good to have more practical
examples”. Conversely, Jina-v3 identified “The subject might be useful in
later studies; there were few examples” as the most similar response. While
both segments of the Qwen-selected response focus on pedagogical critique regard-
ing the lecture’s delivery, Jina’s selection only aligns with the reference in its second
half, introducing an irrelevant positive sentiment in the first.
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In the second case, using the reference text “Communication could have
been better”, Jina-v3 retrieved “Overall, it was a positive experience”,
which is thematically distant from the specific concern raised. In contrast, the
Qwen model placed “Maybe a bit more explanation would have helped” in
closest proximity. This result is semantically much more relevant to the original in-
tent, as it correctly identifies “explanation” as a core component of the instructional
communication mentioned in the reference.

3.4. Latent topic discovery and clustering

By applying HDBSCAN, the pipeline successfully identified new latent subtopics
that were previously invisible to both the quantitative Likert scales and the high-
level administrative categories. We present the detailed latent topic discovery and
sentiment mapping specifically for the Methodology category, which emerged as
the most prominent dimension in our initial classification results. As illustrated in
Figure 2, the semantic space is organized into well-defined “islands”, representing
specific student concerns or praises.

course structure

traceability

Figure 2. UMAP visualization of the identified latent student
topics in the case of Methodology (Plus: positive, X: negative Circle:
neutral sentiment.

The automated labeling procedure identified 11 distinct themes within the
dataset, providing a comprehensive overview of the pedagogical environment. In
order to get a better picture on the goodness of clustering 10 random example was
picked and evaluated by hand how cohesive it was. These results are described in
the following list with the clusters name and description.

e Lecture Pace: Feedback regarding the speed of delivery during classroom
sessions. From the 10 checked answers there were only one where the text
falls into another cathegory.

e Clarity: Comments on the intelligibility of the instructor’s explanations.
The same goes to this cluster as only one checked text mentioned compleately
different topic.
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e Practicality: Students’ views on the hands-on applicability of the material.
In this topic based on the examined answers there were three particular one
that contained border line examples for the cluster. These answers were
about how to improve the class, mainly with more practical examples.

¢ Interactivity and Personal Opinions: Feedback on the level of engage-
ment and subjective student reflections. From the 10 evaluated examples
there were no answer falling out of the topics scope.

e Supplementary Materials: The availability and quality of extra reading
and study aids. The examined answere showed no outlier from the topic.

o Traceability: How easily students could maintain focus and follow the logic
of the lecture. There were only one examined example that stated other then
the one assigned. It particularly mentions lack of supporting material.

e Course Structure: Critiques regarding the logical organization and syllabus
design. Each examined answer stated explicitly the course structure.

e Instructor Knowledge: Recognition of the teacher’s expertise and profes-
sional command of the subject. From the 10 examined answers there were one
falling out of the topics scope and could have been assigned into traceability.

e Personal Experiences: Anecdotal feedback regarding specific student—
teacher interactions. Out of 10 answers 4 could have been assigned into
practicality.

e Material Accessibility and Slides: Technical feedback regarding the dis-
tribution and quality of lecture slides. Each examines answers was correctly
placed into the topic.

e Real-world Examples: The inclusion of industry-relevant or practical case
studies. Out of the 10 examined answers 3 could have been assigned into
practicality, 2 into Supplementary materials.

The discovery of these specific topics — such as the clear separation between
“course structure” and “traceability” — demonstrates the system’s ability to move
beyond generic critiques. By mapping these topics to the previously analyzed
sentiment scores, university management can identify not just that a course is
viewed negatively, but specifically which aspect (e.g., the pace of the lecture or the
lack of real-world examples) is driving the dissatisfaction.

The primary advantage of the proposed Aspect-Based Sentiment Analysis
(ABSA) is the ability to map emotional valence directly onto the discovered la-
tent topics. By projecting the sentiment scores onto the semantic manifold, we can
identify not only the prevalence of specific themes but also their internal polarity
distribution. As illustrated in Figure 3, the sentiment landscape reveals clear “pain
points” and “success stories” within the institutional feedback.

The visualization demonstrates that certain topics, such as Course Structure is
predominantly associated with positive (green) clusters, indicating it as consistent
institutional strength. Conversely, topics related to Traceability show a higher
density of negative (red) data points.

This granular mapping allows university management to move beyond global
satisfaction metrics. For instance, while an instructor might receive an overall posi-
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Figure 3. UMAP visualization of sentiment distribution across
latent topics (within cluster sentiment average) (Green: Positive,
Yellow: Neutral, Red: Negative).

tive rating, this analysis can pinpoint that the negative feedback is strictly isolated
to the Traceability, rather than a lack of competence or clarity. Such precision
is instrumental for targeted pedagogical interventions, as it provides a clear di-
agnostic tool for identifying which specific aspects of a course require immediate
administrative or developmental attention.

4. Conclusion

Our study successfully established an automated pipeline for processing massive
qualitative datasets within the Hungarian higher education framework. By lever-
aging the University of Szeged’s 34,000 unique responses, the research proved that
modern Large Language Models can effectively bridge the gap between vast un-
structured data and precise administrative utility.

The research demonstrated the efficacy of high-parameter models like Llama-
3-70B-Instruct in handling classification tasks with morphologically rich languages
like Hungarian. We have also performed qualitative evaluation on the discovered
topics and on their given name. Our proposed hybrid framework effectively pairs
few-shot classification with unsupervised HDBSCAN clustering to capture both
predefined institutional goals and emergent student concerns. The integration of
Aspect-Based Sentiment Analysis allows the detection of nuanced, mixed feedback
that global sentiment scores typically overlook.

The real-world application of this methodology offers immediate benefits to
institutional quality assurance protocols. By automating a task that traditionally
requires hundreds of manual labor hours allows university management to address
pedagogical or infrastructural issues while they are still relevant to the current
student cohort. Additionally, the objectivity provided by a standardized automated
framework reduces the inherent bias of manual review, offering a reliable basis for
faculty-level SWOT analyses and resource allocation. The unsupervised component
of the pipeline is particularly valuable for discovering “hidden” systemic issues —
such as specific technical failures or evolving student preferences — that remain
invisible in standard quantitative Likert-scale ratings.
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