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Abstract. Extracting actionable insights from textual student feedback is critical
for institutional improvement, but manual analysis becomes a cognitive bottle-
neck when scaled institution-wide semesterly. To address this, we propose an
automated pipeline integrating topic modeling and Generative Al for theme ex-
traction and semantic labeling. We compare LSA, LDA, NMF, and BERTopic,
evaluating the Meta-Llama-3.1-8B-Instruct model for automated semantic la-
beling. Results highlight BERTopic’s capacity to capture exclusive latent dimen-
sions, alongside Llama’s interpretability in generating contextually appropriate
labels. This approach offers a viable pathway to convert unstructured feedback
into strategic intelligence, potentially facilitating educational management.

1. Introduction

One of the biggest challenges in academic management is converting institutional evalu-
ation data into effective improvements. As noted by [Vieira de Sousa et al. 2024]], reports
frequently assume a bureaucratic nature, generating data volumes hard to interpret strate-
gically. In Brazil, the National System of Higher Education Assessment (SINAES) gov-
erns the evaluation process based on three pillars: institutional evaluation, and course and
student performance assessment. In this context, the Federal University of Pard (UFPA)
conducts the AVALIA UFPA, a semesterly self-assessment of its undergraduate courses
through an online questionnaire that combines closed-ended Likert scale questions with
optional open-ended comments. Despite generating quantitative reports, students’ textual
feedback remains underutilized. This analytical gap persists not because manual reading
is entirely impossible, but because it demands a cognitive and temporal effort that aca-
demic managers cannot consistently sustain semesterly across all courses and campuses
of a state-wide university, creating an insurmountable managerial bottleneck.

To extract knowledge from this corpus, Natural Language Processing (NLP)
emerges as a viable solution. In this context, topic modeling allows grouping docu-
ments and discovering latent structures without prior labeling, based on the co-occurrence
of terms [Hammami and Faiz 2022]. However, the topic modeling algorithms out-
put isolated keywords that often lack clear semantic interpretability, demanding highly
subjective human intervention that is prone to cognitive biases and misinterpretations
[Rijcken et al. 2023]]. To overcome these barriers, recent studies demonstrate that Large
Language Models (LLM) can effectively distill these complex word sets into concise the-
matic summaries [Piper and Wu 2025]. Aiming to mitigate the underutilization of the
student comments, the main goal of this paper is to evaluate whether integrating topic



modeling with Generative Artificial Intelligence (GenAl)-based automatic labeling pro-
duces interpretable semantic diagnoses suitable for supporting institutional analysis.

This research presents three main contributions: (1) a hybrid pipeline integrat-
ing topic modeling with LLM-based generative labeling applied to student feedback; (2)
a comparative analysis of Latent Semantic Analysis (LSA), Latent Dirichlet Allocation
(LDA), Non-negative Matrix Factorization (NMF), and BERTopic for topic modeling,
conducted through a graph-based methodology using embeddings, cosine similarity and
Louvain algorithm to map exclusive thematic niches; and (3) a methodological frame-
work designed to support the conversion of unstructured feedback into actionable strate-
gic intelligence. Ultimately, this approach seeks to equip managers and teachers with
data-driven insights, filling a regional gap in text clustering studies and valuing student
perspectives in institutional self-evaluation.

2. Related Work

Recent literature on student feedback analysis highlights a transition from tradi-
tional frequency-based NLP models, which disregard word order and semantic con-
text [Dieng et al. 2019], to contextual embeddings. While traditional algorithms of-
ten struggle with the ambiguity of short texts, the NMF model frequently emerges
as a robust classical baseline, providing superior thematic recall in institutional eval-
uations [Neha Kardam and Makhsous 2024, [Kardam and Wilson 2024]. Concurrently,
transformer-based approaches have established a new scenario. Studies demonstrated
that BERTopic significantly outperforms classical models, like LDA, LSA and NMF,
by capturing dense, fine-grained semantic nuances in both remote learning perceptions
[Hayat et al. 2024] and informal social media interactions [Zankadi et al. 2023]].

While topic modeling successfully groups texts, the cognitively demanding hu-
man intervention required for semantic interpretation remains a critical bottleneck. To
overcome this, recent literature has established the integration of LLMs for automatic
labeling.  Studies demonstrate that coupling advanced prompting techniques, such
as Chain of Thought (CoT) and Persona Prompting, with algorithms like BERTopic
[Khandelwal 20235, |Almeida et al. 2025] and NMF [Wanna et al. 2024]] produces labels
that achieve high semantic alignment with human experts. Notably, open-weight architec-
ture models have proven highly effective in these tasks, often matching or outperforming
proprietary alternatives in complex contextual evaluations.

Despite these algorithmic advancements, current comparative evaluations analyze
these algorithms relying on standalone metrics, such as coherence, diversity scores and
traditional classification accuracy. The present study differentiates itself by introducing an
alternative approach: a similarity graph-based inter-model alignment that systematically
maps exclusive semantic niches uniquely captured by the algorithms. This specialized
analysis is crucial to verify how each algorithm extracts thematic aspects uniquely tai-
lored to the academic data context. Furthermore, integrating an LLM to interpret these
isolated niches aims to eliminate the cognitive bottleneck of time-intensive manual inter-
pretation by academic managers and scale unstructured feedback analysis into actionable
institutional intelligence.



3. Methodology

This study employs an adapted five-stage Knowledge Discovery in Databases (KDD)
methodology [Fayyad et al. 1996]], as shown in Figure |1} This adaptation uses distinct
preprocessing and transformation flows to suit different modeling approaches.
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Figure 1. Flowchart of the steps in the adapted KDD methodology.

3.1. Selection

The research data was provided by the institution’s Information and Communication
Technology Center (CTIC) in Comma-Separated Values (CSV) format, covering the pe-
riod from 2019 to 2024, except for the years 2020 and 2021, in which the questionnaire
was not applied due to the pandemic and remote learning. Aggregating data spanning
several years was a deliberate methodological choice to validate the pipeline’s behavior
across diverse temporal contexts. Nonetheless, in real-world applications, the pipeline
would be executed semesterly to provide continuous institutional feedback. Because it
contains sensitive information, the data is not publicly available and underwent a de-
identification process before being provided for this research, safeguarding the privacy
of respondents. The databases contain attributes such as course, academic unit, subject,
teacher, schedule, location of classes, answers to closed questions, and open comments,
totaling 86,708 records across all databases.

Initially, the database was filtered to restrict the scope to the target campus, aca-
demic unit and course, resulting in a corpus with 767 records. This restriction aims to
prevent the dilution of specific logistical and pedagogical nuances that can often occur
in macro-level analyses, empowering managers with precise, actionable insights. While
reading these valid comments is not entirely impractical for a single course, processing
them manually every semester demands significant time and effort from managers. There-
fore, this dataset acts as a real representative baseline to validate an automated pipeline
that can scale efficiently to the entire institution. For the analysis, only identification
columns such as year of evaluation, academic unit, course, subject, teacher, and comments
were retained. The comments are divided into three categories: positive comments, in-
tended for praise; negative comments, aimed at criticism; and general comments, intended
for diverse subjects such as structural and institutional aspects.



3.2. Preprocessing

The preprocessing proceeded with the data concatenation from different years into a sin-
gle dataset. Subsequently, text cleaning techniques common to all models were applied,
including conversion to lowercase characters and noise removal, such as numbers, punctu-
ation, and special characters. Additionally, an anonymization operation was incorporated
to remove explicit teachers’ names from comments, starting from the “teacher’ attribute
of the dataset itself. This decision aims to ensure institutional confidentiality and elimi-
nate noise that could bias clustering by individual identities instead of academic themes.
Next, for the LSA, LDA, and NMF models, additional textual treatment was applied,
including tokenization, stopword removal, and term lemmatization. Finally, null and du-
plicate records were excluded, resulting in a database with 619 records.

3.3. Transformation

For better data organization, the original columns for positive, negative, and general com-
ments were unified into a single column called “comment”. This strategy aimed to mit-
igate inconsistencies such as the insertion of criticisms in fields intended for praise and
vice versa. To preserve the origin of each record after concatenation, the “label” column
was created to classify the comment category: O for negative comment, 1 for positive, and
2 for general.

To prepare the LSA, LDA, and NMF models, a dictionary of terms was con-
structed and manually refined to exclude contextual stopwords. From this dictionary,
vector representations were specifically tailored for each algorithm. Given its proba-
bilistic nature, LDA utilized the Bag of Words (BoW) matrix to capture absolute term
frequencies. In contrast, LSA and NMF adopted the Term Frequency-Inverse Docu-
ment Frequency (TF-IDF) matrix to enhance semantic separation by weighting strictly
informative terms. Additionally, the NMF implementation employed a sparse TF-IDF
matrix to optimize memory and computational time during factorization by processing
only non-zero values. For BERTopic, the texts were converted into embeddings using
the PORTULAN/serafim-335m-portuguese-pt-sentence-encoder-ir transformer || chosen
for its superior performance in Semantic Text Similarity (STS) and Information Retrieval
(IR) in Brazilian Portuguese due to its Sentence Encoder structure, which is capable of
capturing the deep context of the documents.

3.4. Data mining

The Mining stage is divided into two complementary subsections: the first one presents
and justifies the algorithms selected for topic modeling, while the second one details the
strategy for defining the number of topics for the models (k).

3.4.1. Topic modeling

Four algorithms were selected to ensure complementary thematic extraction under dis-
tinct premises: LSA [Deerwester et al. 1990] as a frequency-based baseline to map dom-
inant global term co-occurrences across the corpus; LDA [Blei et al. 2003] for its proba-
bilistic representation, suited to comments that simultaneously address multiple themes;

! Available on Hugging Face at PORTULAN/serafim-335m.
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NMF [Lee and Seung 1999] for its additive factorization, which enforces clear semantic
boundaries between themes; and BERTopic [Grootendorst 2022]] as the neural counter-
part, capturing deep semantic similarity through embeddings to handle the informality
and syntactic complexity of student-generated texts. All topic model outputs are available
in the project repository ﬂ

3.4.2. Defining % topics number

In topic modeling, defining the number of topics (k) to be extracted by the models deter-
mines the analysis granularity: low values generate generalist themes, while high values
excessively fragment the subjects. Although related studies employ metrics that aim to
mitigate the subjectivity of this choice, they do not always guarantee the quality of the
topics generated, since high statistical consistency is not necessarily synonymous with
high human interpretability [Chang et al. 2009].

For this research, a hybrid strategy was adopted to define k& for each model.
Initially, the coherence (C',) metric was used, which evaluates semantic interpretabil-
ity by measuring the degree of confirmation between the most representative words
of each grouping [Roder et al. 2015]. In addition, the Inverted Rank-Biased Overlap
(IRBO), an adaptation of the Rank-Biased Overlap (RBO) metric [Webber et al. 2010],
was applied to assess the distinctness and non-redundance among the generated themes
[Bianchi et al. 2021]]. This combined analysis, along with qualitative human inspection,
aimed to ensure the relevance and interpretability of the results.

3.5. Interpretation and Evaluation

3.5.1. Qualitative inter-model analysis

The qualitative comparative analysis consisted of an inter-model alignment aimed at map-
ping exclusive topics, which, in the context of this research, are defined as unique clusters
captured by a single technique. To achieve this, we adopted a hybrid approach based on
converting topic keywords into embeddings to form an all-to-all cosine similarity matrix,
from which an undirected similarity graph was derived using a semantic threshold. Sub-
sequently, by applying the Louvain algorithm for community detection, we were able to
systematically filter out shared thematic structures, leaving only the exclusive niches for
this analysis.

The steps of the process were as follows: (1) Vector Representation: the 15
keywords from each topic were converted into embeddings via the PORTULAN/serafim-
335m model, calculating the topic centroid (vector mean). The limit of 15 keywords
was empirically selected to balance topic representativeness with the mitigation of se-
mantic noise, preserving the semantic core of each cluster and avoiding the inclusion of
low-relevance terms. (2) Similarity Matrix: all-to-all cosine similarity was applied to
quantify semantic proximities and latent inter-model connections based on the cosine of
the angle formed between them [Salton et al. 1975]]; (3) Cutoff Threshold: a sensitivity
analysis was performed between 0.8 and 0.95, in which experiments indicated that thresh-
olds close to 0.8 merged distinct topics, while values close to 0.95 fragmented equivalent

2 All model outputs are available in the project repository.
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themes. Thus, the threshold was set at 0.94 to ensure semantic cohesion and correct iden-
tification of analogous topics; (4) Similarity Graph: combining the cross-model align-
ment principles from [Kafiabad et al. 2025]] with the network analysis methodologies pro-
posed by [Myftaraj et al. 2025]], an undirected graph was constructed, where edges con-
nect solely nodes (topics) whose similarity exceeds the defined threshold; (5) Community
Detection: the Louvain algorithm [Blondel et al. 2008]] was applied to group densely con-
nected nodes by iteratively optimizing the network’s modularity. In the context of topic
modeling, Louvain’s primary advantage is its resolution parameter, which allows precise
control over community granularity. As demonstrated by [Myftaraj et al. 2025]], lower
values merge topics into broad clusters, while higher values split them into finer sub-
groups. By leveraging this parameter, the algorithm functioned systematically as a filter
to identify and exclude shared cross-model convergences, thereby strictly isolating the
exclusive thematic niches.

3.5.2. Automatic topic labeling

To mitigate the subjectivity and cognitive load inherent in the manual interpretation of
topics generated by modeling algorithms, an automatic labeling pipeline based on GenAl
was implemented. For this task, the pre-trained Meta-Llama-3.1-8B-Instruct model was
used. Justified by its open-weight architecture, the 8-billion-parameter model offers in-
terpretive capabilities and viable computational costs. Specifically, the GPT-Generated
Unified Format (GGUF) quantization technique was applied to reduce the precision of the
model’s weights, decreasing its memory footprint and enabling execution on local CPU
hardware without the need for expensive dedicated GPUs. Moreover, the Instruct variant
meets complex prompt constraints and offers robust training and consolidated support for
the specificities of Brazilian Portuguese language.

The automated labeling process begins with the data entry stage, where keywords
and representative documents are incorporated, followed by prompt engineering tech-
niques including persona definition, system instructions, and a zero-shot approach. To
ensure reproducible results, the model parameters were configured with a 4.096-token
context window (n.,), random seed (seed=42), temperature (7'=0.1), top-p (p=0.9), and
a 50-token generation limit (max _tokens). The complete prompt structure is available in
the project’s repository on GitHub. Finally, the model processed the provided context to
generate a short descriptive label.

4. Results and discussions

The presentation of the results starts with the definition of the number of topics (k), fol-
lowed by the inter-model comparative analysis and concluding with automatic semantic
labeling via LLLM. Since the original dataset consists of texts in Portuguese, all keywords
and labels in this section have been translated into English to facilitate understanding.

4.1. Topic granularity (k) definition

Initially, the search range was limited to k& € [2,25], seeking a balance between granu-
larity and the practical usefulness of the topics. Empirically, the defined limit of £ = 25
aims to fit the analyzed corpus, preventing an excessive number from fragmenting sim-
ilar themes into multiples topics with subtle differences. This restriction aligns with the



central objective of producing interpretable semantic diagnoses to support institutional
analysis, since an excessive number of groupings would increase the cognitive load on
managers during the analysis, compromising the synthesis provided by the modeling.

Preliminary coherence analysis in Figure [2] showed that the LSA, LDA, and
BERTopic models tended to maximize their scores at very low granularity (k € {2,3}).
However, such general groupings, although mathematically cohesive, offer low manage-
rial utility because they do not discriminate specific operational nuances. Given this lim-
itation, the IRBO diversity metric was used as a criterion to explore higher granularities.
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Figure [3| shows that the four models exhibit stability in the metric at £ = 13,
indicating that the increase in the number of topics did not result in semantic redundancy
detectable by the metric. Based on the scores obtained in the two metrics, the window
of analytical interest was defined as the interval 13 < k£ < 25. Within the established
window, the value of k that maximized coherence was selected, respecting the specificities
of each algorithm. The results indicated £ = 25 as the ideal point for the LSA model,
k = 13 for LDA and NMF, and k£ = 14 for BERTopic.

4.2. Qualitative inter-model analysis

In this research, exclusive topics are defined as clusters that did not show cosine similarity
equal to or above the threshold of 0.94 with any other topic generated by the other mod-
els. The objective of this analysis is to verify if the models can extract thematic niches
ignored by the other algorithms. Although they have lower recurrence in the corpus, these
exclusive topics can reveal critical issues that require managerial attention and immediate
action. Table|l| presents the exclusive topics found solely by NMF and BERTopic.

The critical highlight found in the analysis was BERTopic’s unique ability to iden-
tify institutional risks by extracting terms such as “offensive”, “unnecessary” (10), “sex”
and “sexual” (12). By grouping terms by semantic proximity, the model prevented sen-
sitive comments, infrequent in the dataset, from being overlooked. In models that rely
on the frequency and co-occurrence of terms, these rare events were likely diluted into

generic topics of dissatisfaction or ignored, given their low statistical representativeness.

Furthermore, BERTopic extracted niches of dissatisfaction related to the teaching
profile (4) and external factors that reflect the student’s daily life (2), revealing logis-
tical and routine concerns that affect the academic experience. In topic (9), the term



Table 1. Exclusive topics extracted by NMF and BERTopic.

Model Keywords

NMF (8) teach, bad, weak, possess, attention, objective, rushed, incredible, point, objective, con-
grats, approach, terrible, patience, approach

(12) miss, class, room, communication, experience, warn, punctual, inside, seen, of that,
hardly, present, questions, personal, commitment

BERTopic | (2)schedule, times, reasons, some, time, many, too much, missed, fast, bus, night, work, many,
punctual, are

(4) didactics, little, excellent, uncompromising, pretends, didactic, disorganized, terrible,
points, extremely, knows, quite, unrealistic, right, explosive

(6) evaluation, evaluations, could, correction, clear, corrected, included, discursive, method,
confusing, only, left, in, tests, forms

(8) nothing, joined, recorded, declare, arrives, nor, occurred, early, error, social, name, mo-
ment, evaluate, did, grade

(9) professional, ok, impeccable, qualified, fun, xxxxxxxxxxxx, regular, wonderful, wonder-
ful, present, objective, name, sir, good, horrible

(10) comments, offensive, comment, read, comment, will be, positive, negative, unneces-
sary, never, other, so much, nothing, hour, “”

(11) improve, needs, leave, didactics, experience, interest, love, attract, gain, field, way, inter-
esting, evolve, make an effort, content-focused

(12) sex, comments, sexual, ex, sexual, unnecessary, discussed, does, about, abuse, about,
certain, approach, demanding, individual

(13) slides, portuguese, complete, tasks, mastery, we explained, influenced, portugol, trans-
port, portuguese, send, we would spend, delivered, correct, asked

Note: The numbers in parentheses represent the topic ID.

“xxxxxxxxxxxx” is a literal student comment rather than a placeholder, while the dupli-
cate keyword “wonderful” results from translating Portuguese gendered variants (“mar-
avilhoso” and “maravilhosa”). Finally, the presence of empty strings in (10) is an expected
behavior resulting from the exhaustion of statistically relevant terms after stopword re-
moval combined with the implemented lexical diversity technique.

On the other hand, NMF presented two unique topics offering complementary
analyses. Terms such as “teach”, “bad”, and “incredible” (8), reflect aspects related to
didactic approach and teaching quality, which also mixes the polarity of feelings. This
characteristic of grouping opposite polarities may be a common property in models not
explicitly trained for sentiment analysis. In its second topic (12), the algorithm points to
attendance and teacher communication factors, crucial for academic management.

In summary, it is noted that BERTopic presented more topics addressing rare and
critical events, such as sensitive comments, which are extremely important for institu-
tional management. Its embedding-based approach allows low-frequency terms not to be
diluted among the other groupings. For management use, the embedding-based model
proves suitable for highlighting comments that address sensitive topics and inappropri-
ate professional behaviors without them being masked by the large volume of praise and
criticism present in the corpus.

4.3. Automatic generative topic labeling

Previous discussions have shown that although topic modeling algorithms automate text
clustering, the semantic interpretation of these groups remains dependent on human cu-
ration. Therefore, this subsection employs automatic generative labeling with LLM as
a support for the interpretability of generated topics, aiming to mitigate the overload of
manual inspection and provide diagnoses that support evaluation and decision-making by
academic managers. For this stage, rather than conducting an inter-model comparative
analysis of the generative labeling, only the topics generated by BERTopic were selected



for this task. This algorithm was chosen because it yielded the most interpretable re-
sults, effectively balancing semantic coherence and topic diversity while isolating critical
institutional niches.

The Llama-3.1 labeling prompt was structured to maximize interpretive capacity
by incorporating two input variables: i) Keywords: top 15 terms representative of the
extracted topic that synthesize the central content and act as the semantic core of the
grouping; and ii) Representative Documents: top 3 comments that, in the context of
the research, best exemplify the extracted topic. The inclusion of these representative
documents aims to mitigate ambiguities that isolated keywords would not resolve.

While a formal human-annotated validation was not conducted in this phase, the
qualitative observation of the results in Table [2|demonstrates the face validity and seman-
tic plausibility of the LLM-generated labels. Rather than simply outputting disjointed
terms, the model synthesized the isolated niches into actionable categories, showing log-
ical alignment with the extracted keywords. In particular, a critical highlight is that the
labels for topics (10) and (12) demonstrate the model’s sensitivity, inferential capacity,
and fidelity to the data. Instead of hallucinating severe legal accusations (e.g., harassment
or crime) without explicit context, the LLM provides safe and interpretable labels, even
when sensitive terms are highlighted among the keywords. This behavior is crucial to
prevent the automated classification of serious offenses without factual support, thereby
ensuring an ethical and reliable institutional analysis.

Table 2. LLM-generated semantic labels for the identified topics.

LLM-Generated Label

Keywords

Excellent Professor

(0) excellent, always, great, well, good, didactics, great, good, doubts,
subject, explains, content, about, super, objective

Inefficient and Disrespectful Professor With Students

(1) content, test, room, evaluation, besides, tests, passed, teaching, lack,
little, only, assignments, didactics, time, times

Infrastructure Problems and Excessive Classes

(2) schedule, times, reasons, some, time, many, too much, missed, fast,
bus, night, work, many, punctual, are

Subject Mastery is Well Taught

(3) mastery, subject, content, quite, day, about, well, passes, knowledge,
taught, area, subjects, new, contextualized, great

Extremely Disorganized Didactics

(4) didactics, little, excellent, uncompromising, pretends, didactic, dis-
organized, terrible, points, extremely, knows, quite, unrealistic, right,
explosive

Complicated Semester due to Lack of Communica-
tion and Strike

(5) disciplines, some, good, difficulties, despite, strike, profitable, hon-
estly, great, subjects, pass on, after, time, general, unfortunately

Inadequate Evaluation Method

(6) evaluation, evaluations, could, correction, clear, corrected, included,
discursive, method, con

Willing and Attentive Professor

(7) always, attentive, willing, solicitous, humble, hardworking, congrat-
ulations, helpful, help, well, understood, engaged, disciplined, highly,
arbitrary

Dissatisfaction with Absence of Information

(8) nothing, joined, recorded, declare, arrives, nor, occurred, early, er-
ror, social, name, moment, evaluate, did, grade

Very Fun and Impeccable Class

(9) professional, ok, impeccable, qualified, fun, XXXXXXXXXXXX, regular,
wonderful, wonderful, present, objective, name, sir, good, horrible

Unnecessary and Offensive Comments

(10) comments, offensive, comment, read, comment, will be, positive,
negative, unnecessary, never, other, so much, nothing, hour, ”

Didactics Needs Improvement

(11) improve, needs, leave, didactics, experience, interest, love, attract,
gain, field, way, interesting, evolve, make an effort, content-focused

Unnecessary Sexual Comments in the Classroom

(12) sex, comments, sexual, ex, sexual, unnecessary, discussed, does,
about, abuse, about, certain, approach, demanding, individual

Professor Inefficient in Didactics and Content

(13) slides, portuguese, complete, tasks, mastery, we explained, influ-
enced, portugol, transport, portuguese, send, we would spend, deliv-
ered, correct, asked

Note: The numbers in parentheses represent the topic ID.




Furthermore, the generated labels effectively differentiate the subtle nuances of
student feedback. In topic (5), the LLM captured the interaction between “difficulties”,
“strike”, and “time”, forming a situational label. Similarly, for topic (8), the model inter-
preted the noise of comments like “nothing to declare” captured during the modeling step.
The labels also distinguish between specific behavioral issues, such as lack of respect (1),
external infrastructure and logistics problems (2), pedagogical flaws like disorganized
(4) or inefficient (11 and 13) teaching methods, and opposition to the evaluation method
(6). Likewise, praises were logically categorized into clear axes regarding teaching meth-
ods (0), subject mastery (3), teacher profile (7), and class dynamics (9). This level of
descriptive suggests that feeding the LLM with keywords alongside representative docu-
ments enables it to successfully interpret the intentionality behind the students’ feedback,
covering the full spectrum of evaluation. Consequently, this approach provides a robust
heuristic baseline that significantly reduces the cognitive load of academic managers when
analyzing unstructured text.

5. Considerations

This study explored the practical utility of integrating topic modeling with LLM-based
generative labeling for the analysis of unstructured student feedback. The inter-model
comparative analysis, driven by a similarity graph-based methodology, facilitated the
mapping of exclusive thematic niches. The results suggest that BERTopic is particularly
suited to extracting cohesive clusters and detecting critical institutional risks, such as un-
ethical conduct and sexual comments. These rare but severe events are typically diluted
by frequency-based approaches due to statistical noise and lexical overlap. Neverthe-
less, among the classical algorithms, NMF showed a strong tendency to capture specific
qualitative and behavioral aspects of teaching methodologies.

Regarding the automatic labeling task, the Llama-3.1 model went beyond basic
thematic summarization by exhibiting strict ethical and contextual sensitivity. Processing
representative documents alongside topic keywords allowed the LLM to provide plausi-
ble interpretations of the intentionality behind student comments, even in the presence of
noise, while avoiding premature or hallucinated legal terminology when handling sensi-
tive subjects. From a practical standpoint, this hybrid pipeline provides a baseline that
can significantly reduce the cognitive load of academic managers. Ultimately, this ap-
proach presents the potential to transform bureaucratic institutional self-evaluation into a
continuous improvement engine, effectively valuing student perspectives.

Despite its contributions, this study acknowledges certain limitations. The compu-
tational cost of running neural models and the absence of a human-annotated ground truth
restrict the quantitative evaluation of both the thematic clustering phase and the generated
labels’ accuracy. To address this, future work should include a structured validation phase
where academic managers rate a sample of the generated labels for relevance and seman-
tic alignment. Additionally, exploring Retrieval-Augmented Generation (RAG) architec-
tures is suggested to create interactive virtual assistants, thereby democratizing access to
institutional intelligence through natural language queries.
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