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Abstract. Analyzing open-ended student feedback in course evaluations is a labor-
intensive task due to the unstructured and complex nature of natural language. While
Large Language Models (LLMs) offer significant potential for automation, a well-
defined methodology for their application in analyzing student feedback remains
underdeveloped. This paper addresses this gap by proposing an LLM-based feed-
back analytics pipeline designed to transform students’ open-ended feedback into
structured, actionable insights. The pipeline consists of three sequential stages: (i)
segmenting student feedback into semantic units and assigning polarity (sentiment)
to those units; (ii) topical classification of semantic units, and (iii) summarization of
units within each topical category. By systematizing these processes, the proposed
method enables educators and course managers to efficiently derive meaningful pat-
terns from vast datasets of student opinions. We evaluated the proposed method
using a comprehensive dataset from several editions of a U.S. university course,
yielding encouraging results of the method’s effectiveness. This research provides a
scalable, generic methodology for (semi-)automated feedback analysis, ultimately
supporting data-informed improvements in teaching and course management.

Keywords: Student Feedback, Course Evaluation, Natural Language Processing,
Large Language Models, Qualitative Coding.

1. Introduction

Student evaluations of teaching provide crucial quantitative and qualitative data for en-
hancing course design and delivery in higher education. This data can be analyzed and
used by teachers and school management to improve courseﬂ organization, update course
contents and resources, enhance course assignments and grading, and refine teachers’ ap-
proaches and their communication with students [24]]. Moreover, the data collected from

I Note that throughout the paper we use the term course to refer to an individual subject, not a whole degree
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student evaluations may serve to institutional management as an important source of in-
dicators of teachers’ contributions for faculty promotion and tenure prospects.

It is rather straightforward to automate the analysis of quantitative data from student
evaluations. However, it is much more challenging to analyze qualitative data, since it
originates from open-ended student responses, which, as any textual data, needs to go
through a natural language processing pipeline before it can be effectively used for ob-
taining insights from student comments. This paper presents a methodology based on
Large Language Models (LLMs), aimed at facilitating analysis of this kind of qualitative
data, ultimately leading to relevant information for instructors, course coordinators, and
other relevant stakeholders in higher education institutions.

A key concept in the proposed methodology is qualitative coding, the process of cat-
egorizing (annotating) segments of text (in this case open-ended student responses), i.e.
identifying major themes in these segments [36]. Traditionally, this has been a manual,
labour-intensive task and as such significantly impeded large-scale qualitative data analy-
sis. Aiming to overcome this challenge, researchers are increasingly using LLMs in qual-
itative coding of text in various educational applications, and the results are intriguing
and encouraging. For example, in their 2024 study, Hou et al. [20]] suggested fine-tuning
of GPT models for better accuracy in coding along context-dependent dimensions of text
(i.e., theorizing, integration, reflection), whereas the accuracy was satisfactory in coding
along context-independent dimensions (i.e., appraisal, questioning, social, curiosity, sur-
prise). Zhang et al. [47] explored the performance of their GPT-3-based tool in both induc-
tive coding (discovering major themes in text segments) and deductive coding (labeling
text segments according to a pre-specified coding scheme) on simulated and real datasets.
Using inter-rater reliability measures, they found substantial agreement between human
coders and their tool in various coding scenarios. Barany and colleagues used GPT-4 in an
attempt to automate the codebook development process [3]. They concluded that LLMs
could be valuable for improving qualitative codebooks, but human involvement in their
development remained essential. Liu et al. [27] used GPT-4 in the context of qualitative
coding of semi-personalized tutoring session transcripts and student observations and be-
havior across three different courses. They have specifically studied the inter-rater agree-
ment between human coders and GPT-4 when using prompting techniques like Zero-shot,
Few-shot, and Few-shot with contextual information. The results indicate that for good
results each technique should be tailored to the specific properties of the construct and
context being analyzed.

Yet, research related to using LLMs to support students’ qualitative evaluations of
teaching and courses remains scarce. These evaluations most often come in the form of
natural-language answers/comments to open-ended questions, where challenges include:
(i) the volume and unstructured nature of open-ended comments, and (ii) countless ambi-
guities in such comments, originating in the commenter’s writing style and language use,
thus exacerbating the process of “making sense” out of the overall student feedback. A
few researchers have taken the challenges. For instance, Pefia-Torres [35]] conducted senti-
ment analysis of student evaluations using an LLM fine-tuned with a crowdsource-tagged
dataset of students’ comments and reported 93% accuracy in the classification of the com-
ments. Gul et al. [[18] compared multi-task learning with distinct LLMs on the tasks of
aspect extraction and sentiment analysis across more than 11.000 comments in course
evaluations from a public university. Maram et al. [30] took a different approach — they
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developed three agent-based conversational LLM tools, one for teachers to create and test
prompts to gather student feedback on the course and teaching, one for students to provide
feedback, and one for teachers to view and analyze this feedback. More closely related to
the current paper is the recent work of Parker and colleagues [34]], which demonstrates the
capability of LLMs to streamline distinct natural language processing workflows relevant
to the analysis of students’ responses to open-ended course evaluation questions. Simi-
larly, Fuller at al. [17] examined the efficiency and effectiveness of LLMs in identifying
the main themes in students’ open-ended responses to a course evaluation survey.

Having conducted a detailed analysis of these and similar efforts (see Section[2.2)), we
have identified a research gap that has driven the current study: the lack of a clearly defined
and fairly general LLM-based methodology to automate the processing and interpretation
of student open-ended feedback on end-of-the-course surveys. Thus this study proposes
such a method, with the ultimate goal of enabling the transformation of raw, qualitative
feedback into structured, actionable insights for instructors and course administrators. We
refer to this method as feedback analytics pipeline and demonstrate it on a rich dataset
of student end-of-the-course feedback, comprising more than a decade of feedback data
from a course taught at a U.S. university.

The following sections detail the relevant literature review, the proposed feedback
analytics pipeline, the application and evaluation of the pipeline on the aforementioned
dataset from a U.S. university, and a discussion of the findings and future work.

2. Literature Review

2.1. End of the course student feedback

Student feedback is a central data source in educational research and scholarship of teach-
ing and learning, providing relevant information about learners’ experiences with instruc-
tion, assessment, and the learning environment. In higher education, this evidence most
commonly takes the form of student evaluations of teaching (SETs), typically combining
Likert-like ratings with open-ended comments. Historically, quantitative evaluations have
been the focus of analysis due to their ease of evaluation, while the (rich) qualitative stu-
dent feedback has been largely overlooked, given the complexity of manual coding. How-
ever, the qualitative component of student feedback is important for providing enhanced
signals of course and instructor quality, content, pedagogical approaches, and ultimately,
for course improvement.

Research positions student feedback as one component of an evidence-informed ap-
proach to teaching evaluation and course enhancement, ideally triangulated with peer
review, teaching artifacts, and indicators of student learning [5,31,40]. Conceptually, stu-
dent feedback can be framed in two complementary ways. First, as measurement, a set of
instruments intended to capture distinct dimensions of instructional quality (e.g., organi-
zation, clarity, engagement). Second, as student voice, a means of incorporating learners
as legitimate informants and partners in improving teaching and curricula [7,[14]. This
framing matters because it shapes both the purposes of feedback (formative improvement
vs. summative judgment) and the analytic methods used to interpret it. Both perspectives
are important to our study as our objective is to support continuous improvement of course
offerings and instruction through the integration of students’ voice (i.e. feedback).
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Open-ended student comments can add diagnostic value beyond numeric ratings by
providing context, identifying specific issues with the course design, and offering action-
able suggestions. Empirical work on written comments shows that students frequently
address topics such as clarity of instruction, course organization, relevance/interest, as-
sessment demands, and instructor-student relations [9}33[]. Written feedback is often par-
ticularly useful for identifying what to change and why a rating might be high or low,
thereby supporting targeted improvement. Moreover, qualitative feedback aligns with
an improvement-oriented view of teaching as iterative design. In constructive alignment
and reflective teaching traditions, instructors refine intended learning outcomes, teach-
ing/learning activities, and assessment through cycles of evidence and reflection [|6,|10].
Importantly, mid-semester feedback processes (e.g., small group instructional diagnosis
or structured midterm surveys) can be especially useful as they enable changes while a
course is still running [[13}(15].

Because open-ended student comments can be voluminous, idiosyncratic, and uneven
in quality, their value depends heavily on systematic analysis. Rigorous approaches typ-
ically involve qualitative coding, development of a codebook, iterative refinement, and
checks on credibility (e.g., intercoder agreement for descriptive coding, audit trails, and
reflexive memoing) [8436,38]]. When conducted carefully, qualitative analysis can (i) sepa-
rate actionable course-design issues from non-actionable preferences, (ii) detect recurring
patterns across cohorts, and (iii) surface equity-relevant experiences that may be obscured
in averages. The best practice is to integrate qualitative themes with quantitative indica-
tors. For example, instructors and departments can map themes (e.g., “assessment clar-
ity”) to course elements (rubrics, workload pacing, alignment) and then evaluate whether
subsequent iterations show changes in both student feedback and learning outcomes [|5,6].

Recent work explores computational approaches to analyzing large corpora of student
comments, including sentiment analysis, topic modeling, and structural topic modeling.
Topic modeling using LDA (Latent Dirichlet Allocation) has been proposed as a scalable
alternative to manual coding, enabling institutions to identify common themes and exam-
ine variation by course level or subject area [[21,42]. Structural topic modeling extends this
by incorporating covariates (e.g., discipline, enrollment, instructor characteristics) and
can link comment themes to numeric SET outcomes [49]]. These approaches can support
system-level sensemaking, but they still require validation against human interpretation
and careful governance to avoid reifying bias [[19,/41]].

Overall, the literature supports a balanced conclusion: student feedback is most valu-
able when treated comprehensively as evidence for improvement rather than a single high-
stakes score, and when qualitative comments are analyzed systematically using transpar-
ent, methodologically sound approaches that enhance actionability and fairness [5}19,40].

2.2. LLMs in the analysis of educational content and feedback

Open-ended text from course evaluations and other engagement surveys and narratives,
contains high-value signals that are often underutilized because key stages of traditional
qualitative workflows (such as iterative coding, codebook development, and theme refine-
ment) are time- and labor-intensive [8,|11,36]. Over the last two decades, topic modeling
enabled scalable text summarization and clustering, but they tend to struggle with nuance,
domain shifts, and interpretability in short, heterogeneous responses [/1].
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Large language models (LLMs) have renewed interest in automation of qualitative
content analysis by enabling flexible, instruction-driven analytic pipelines: segmenting
responses into semantic units, labeling sentiment or stance, generating candidate themes,
drafting codebooks, and producing human-readable summaries [23||34]]. In education,
LLMs have been tested, for example, as tools to accelerate the extraction of main themes
from student feedback while maintaining alignment with instructor interpretations [|17].
In parallel, a broader methodological literature has emerged on LLM-as-a-judge evalua-
tion frameworks, enabling scalable quality assurance but introducing known risks such as
bias, verbosity effects, and sensitivity to prompt framing [28},43,/48]].

The application of LLMs to educational data is a growing field. Research by Katz
et al. [23] has demonstrated that LLMs can be used to effectively build qualitative code-
books for student evaluations of teaching, achieving both scalability and consistency, with
categories closely aligned with human-generated frameworks. Their method includes ex-
tracting units (sentences/phrases), embedding them, clustering semantically similar items,
and then prompting an LLM to name clusters, write definitions, and produce a human-
usable codebook. This work demonstrated significant reductions in the time and cost typ-
ically associated with manual thematic analysis. Furthermore, it addresses a limitation of
purely statistical topic models (often hard-to-interpret topic-word distributions) by using
LLMs to generate coherent labels and descriptions. Recent evaluation work suggests that
LLM-based topic modeling can produce coherent topics but may also exhibit shortcuts
(focusing on partial documents) and limited controllability via prompts, reinforcing the
need for diagnostic checks and human review [16].

Parker et al. [34] showcased that with effective prompting, LLMs can achieve human-
level performance in analyzing educational survey feedback. Their findings highlight the
LLMs’ flexibility in supporting both inductive (bottom-up) thematic analysis and deduc-
tive (top-down) classification, enabling faster, more reliable, and rigorous interpretation of
student feedback than traditional methods. LLMs have also been used to generate themes
for predefined prompts and compare them to instructor-derived themes, reporting sub-
stantial agreement while reducing analysis time [[17]]. This approach resembles assisted
deductive coding, where the researcher supplies the conceptual frame, and the LLM per-
forms standardized extraction across multiple responses.

Building on these advancements, summarised in Table|l} our study proposes and im-
plements a comprehensive LLM-assisted feedback analytics pipeline, which includes de-
composition, sentiment analysis, classification, and summarization of student open-ended
responses to the course evaluation survey, specifically tailored for providing course in-
structors and coordinators with well structured and actionable information for course im-
provement. The objective is to support teachers’ agency by making student feedback ac-
cessible to them and then letting them decide what is relevant and whether / how they
want to act on it. In other words, the objective is to empower teachers to make use of
the students’ qualitative feedback that has so far been mostly ignored due to technical
difficulties of natural language processing.

3. Methodology: an LLM-assisted feedback analytics pipeline

Figure[T|illustrates the data flow and key steps in the proposed feedback analytics pipeline.
Each step is described in detail in the following subsections.
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Table 1. Summary of related work
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Objective Analytics tasks NLP methods / tools Reference

Enable scalable and Topic detection and Topic modelling (LDA) Hujala et

theoretically grounded thematic analysis al.,

analysis of students’ 2020 [21],

open-ended feedback Sun et al.,
2023 [42]

Enhance teaching Classification of Fine-tuned language models Pena-

practices through students’ comments Torres [35]]

sentiment analysis of based on the expressed

students’ course sentiment

feedback

Identify the best model Aspect extraction and Multi-task learning with three Gul et al,,

for aspect-based sentiment classification pre-trained language models 2025 [18]

sentiment analysis of and selective paraphrasing as a

students’ comments data augmentation technique

Enable teachers to Extraction of key LLM-based (GPT-4) Marram et

collect, view and themes and conversational agents for al.,

analyze student summarisation of student feedback collection, 2025 [30]

feedback in a more student-chatbot analysis, and presentation (via

engaging and timely conversations dashboard)

manner

Examine and A variety of LLMs (GPT-4 and GPT-3.5) Parker et

demonstrate how LLM-based NLP tasks, al.,

LLMs, employed in a including classification, 2024 [34]

variety of NLP tasks, information extraction,

can be used to derive thematic and sentiment

insights from course analysis

feedback surveys

Examine how efficient Thematic analysis and LLM-based chatbot (ChatGPT, Fuller at

and aligned with percentage agreement model version not specified) al.,

instructors LLMs are in to determine alignment 2024 [17]

identifying main between instructors and

themes in students’ ChatGPT

feedback

Demonstrate how a An NLP-based pipeline A sequence of NLP methods: Katz et al.,

combination of NLP for developing a information extracting and 2024 [23]

techniques and LLMs
can be used to generate
a codebook for SET
analysis

codebook for
qualitative analysis of
student feedback

embedding, followed by
clustering of embeddings, and
summarization of the clusters

Note: All presented studies except [[30] focused on the students’ open-ended responses to a course evaluation
survey; the study reported in [[30] differs in that its focus was on student-chatbot conversations through which
course-related feedback was elicited.
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Students’ responses to
open-ended course
evaluation questions

<

Each student response is broken down
igs into distinct semantic units, each unit

Degomposuu_bn and representing one impression about the
sentiment assignment course and each one associated with the
sentiment of the impression

Semantic units associated
with the sentiment {positive,
negative, neutral)

<

Semantic units are classified, through
Topical classification zero-shot approach, into one of 12

H £ e topical categories (Table 2), inductively
“nductwe GOdlng) derived through iterative LLM-assisted
thematic analysis of sampled responses

Semantic units associated with the
assigned topical category, sentiment,
and course edition they originate from

o

Semantic units of the same category and
polarity are summarized per course

Summarisation edition to distill the key themes.

Summaries of students impressions for
each course editions, given separately for
distinct sentiments (positive, negative).
See examples in Tables 3 and 4

{
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Fig.1. Flow chart depicting the key stages of the LLM-assisted feedback analytics

pipeline
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3.1. Decomposition and sentiment analysis of students’ comments

End-of-course surveys typically include open-ended questions that explicitly ask students
what they liked and found positive about the course itself, the course instructors, or the
technology used in the course. Such questions are often complemented by questions ask-
ing students about what could be improved in the course itself, in how it is taught, and in
the technology supporting the course delivery. Alternatively, students may be presented
with general open-ended questions asking them to comment on what they liked or disliked
about the course, the instructors, or the supporting technology. This suggests that ques-
tions may have well-defined polarity (sentiment) - being either about positive or negative
aspects of the course as perceived by the students - or be more broadly framed, aiming to
collect students’ both positive and negative sentiments about various aspects of the course.
This further implies that, among students’ responses, there will be responses expressing
only positive sentiments, those expressing what students perceived as weaker aspects of
the course, and responses expected to contain a mixture of both positive and negative
comments. In addition, in all the responses, it is realistic to expect that they would often
contain not an opinion on a single aspect of the course, but rather opinions about multiple
distinct aspects of the course.

The above described characteristics of students’ responses indicate the need to decom-
pose each response into distinct semantic units, each one corresponding to one impression
/ opinion about the course. Semantic units can be of arbitrary length: a semantic unit can
correspond to a sentence or can be a part of a sentence (in case of a longer sentence where
a student expresses multiple opinions about a course) or consist of a few sentences (in
rare cases when a student elaborates on an expressed opinion). In addition, for general
questions (i.e., those without explicitly assigned polarity), the sentiment (positive, neg-
ative, neutral) of each semantic unit also needs to be determined. Accordingly, the first
stage of our analytics pipeline checks whether a response contains multiple impressions
(or expressions of opinion) and, if so, splits it into multiple semantic units, each one
containing a single impression. In case of a response to a question with clearly defined
polarity (i.e., asking students about positive or negative impressions), the extracted se-
mantic units are assigned the same polarity as the question (e.g., positive sentiment, if the
question asked about positive aspects of the course). In case of a general question, that is,
a question expecting from students to share both their positive and negative impressions,
each semantic unit extracted from a student response also needs to be annotated with the
sentiment it expresses. To properly cover both cases, we have designed two alternative
response decomposition processes:

— For responses to questions with clearly defined polarity, we prompt an LLM to iden-
tify all distinct course aspects the student was positive/negative about in their response
and return them as a list of distinct impressions about the course. The LLM is also re-
quested to avoid redundancy in the results, which may occur if a student comments on
the same or very similar course aspects multiple times, by summarizing the redundant
comments before including them in the result.

— For general questions without explicitly assigned polarity, in addition to the above-
stated instructions, we also ask the LLM to associate each extracted semantic unit
with the expressed sentiment (positive, negative, or neutral).

System prompts used in both versions of the decomposition process are provided in
Figure[AT|and Figure[A2]of the Appendix.
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3.2. Topical classification

The objective of this step is to associate each semantic unit (resulting from the previous
analytics stage) with a topical category that best characterizes the student’s impression,
as expressed in that uniﬂ To this end, we have defined a classification (coding) scheme
as a set of topical categories with associated descriptions (Table [2), following the proce-
dure described in the next paragraph. This scheme was used to prompt the LLM to do the
classification task. Specifically, the LLM is prompted to associate the given student com-
ment (i.e., semantic unit extracted from the student response) into one of the 11 topical
categories, with each category being described in the prompt (as in Table [2). Aiming to
prevent the LLM from assigning a random category when it cannot determine the correct
one for a particular comment, the LLM is instructed to assign the “Other” category to a
comment that does not belong to any of the given categories. The system prompt used
to instruct the LLM to classify individual semantic units is given in Figure [A3] of the
Appendix.

The categories within the classification scheme were identified through an iterative ex-
ploratory process where the LLM was first prompted to identify the main themes within
a set of semantic units (N=500) randomly sampled from student feedback in a university
course that served as our initial application case (see Section[4.T). The identified themes
were checked against the coding schemes used in related prior work [34] and served as
the initial set of topical categories that were used to classify another random sample of se-
mantic units (N=250), and both the misclassifications and the assignments to the “Other”
category were used to revise the classification scheme and repeat the classification step.
After three iterations of classification followed by revisions of the classification scheme
(categories and/or descriptions), misclassifications were substantially reduced while as-
signments to the “Other” category were limited to those semantic units that truly could
not be considered as useful (i.e., interpretable) pieces of feedback (e.g., “Time manage-
ment skills”, “Class preparation”). In deciding upon the classification scheme to adopt,
we also consider the optimal number of categories, since a larger number of categories
(i.e., more fine-grained classification) allows for more precise and nuanced organisation
and analysis of student comments, but, at the same time, may negatively affect precision
/ correctness of the classification output (more categories tend to make the classification
task more error prone). The chosen classification scheme is the one that provided a good
balance between the two opposing objectives. We reflect on this further in the Discussion
section. Even though this classification scheme is derived from students’ comments in one
course, it is rather general and may be applied, at least as a first version, to any university
course for further refinement.

3.3. Summarization

The objective of this step is to create, for a particular course edition, a summary of the
student comments for each topical category (Table 2)) so that the course coordinator and
instructors can be provided with a gist of students’ impressions about distinct aspects of

2 Note that, in line with the computer science terminology, we use the term “topical classification” to refer to
this step of the analytics pipeline; in qualitative analysis, this task would be referred to as “inductive coding”
as it includes the development of a coding scheme and the use of that scheme to code (annotate) textual
content
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Table 2. The coding scheme for topical classification of students’ comments

Category

Description

Course content

This category refers to subject-matter topics taught in
the course, including domain-specific skills and
competences.

Course organization and
logistics

This refers to all aspects of the course organisation,
including scheduling of lectures and labs, timeliness of
course announcements, the availability and
accessibility of the learning tools and the like.

Course value and relevance

This refers to the perceived course value and relevance,
both from the academic and practical perspective.

Course materials and resources

This category refers to all kinds of materials and
resources that were provided to the students,
recommended to them, or requested from them to use.

Course assignments and
grading

This category refers to all kinds of assignments in the
course, both formative (not graded, for practice only)
and summative ones (graded), as well as the grading
system applied in the course.

Instructor’s teaching approach

This category refers to various aspects of the
instructor’s teaching approach, including different
aspects of the instructional design and interaction with
the students during the class.

Instructor’s knowledge and
expertise

This refers to the instructor’s competence, as perceived
by the student, for the topics included in the course
syllabus.

Instructor’s clarity and
explanations

This category refers to the instructor’s clarity of
expression and quality (comprehensibility) of
explanations; in other words, the quality of
communication of the subject matter topics to the
students.

Instructor’s feedback and
support

This is about the frequency, quality, and usefulness of
the feedback on course assignments and the overall
support.

Instructor’s demeanor and
communication with students

This category is about the politeness of communication
with students, friendliness, and availability for
communication.

Overall impression

This refers to the student’s overall impression about the
course and/or the instructor.
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that course delivery. To that end, an LLM is given a set of student comments (semantic
units) from one course edition and related to one topical category and prompted to identify
the main themes in the students’ comments, and for each theme, to name it and to describe
it succinctly. For each course edition, the LLM is tasked with the same prompt 11 times,
each time with a set of students’ comments categorised into one of the 11 topical cate-
gories (those from Table [2). The system prompt used for this task is given in Figure [A4]
of the Appendix.

3.4. Evaluation of the pipeline

The presented feedback analytics pipeline uses an LLM for four main tasks: splitting stu-
dent responses into logically and topically cohesive units (semantic units), sentiment anal-
ysis, topical classification, and summarization. The potential of LLMs for semantic text
segmentation, sentiment analysis, and summarization tasks have already been explored
and evaluated in prior research (e.g., [4,[221[29137.[39L/44])). Therefore, we focus the eval-
uation primarily on the topical classification part of the pipeline, which, due to the fairly
large number and closely related semantics of topical categories, may be error-prone.

To validate topical classification of students’ comments (semantic units) in both scal-
able and trustworthy manner, we have adopted a semi-automated two-step approach based
on the LL.M-as-a-Judge concept [48]. LLM-as-a-Judge is about using a highly capable
LLM to automatically evaluate the quality of outputs generated by another, often less ca-
pable, LLM. It offers a scalable, cost-effective alternative to human evaluation for various
LLM-based tasks, including qualitative coding and text classification. The LLM-Judge is
provided with: (i) the original task (in our case, topical classification of a student com-
ment), (ii) the LLM output that is to be evaluated (the category assigned to the student
comment), and (iii) the criteria to be used for the evaluation.

The first step of our evaluation approach includes both human evaluation of a ran-
domly sampled subset of students’ comments and evaluation of the same subset by an
LLM prompted to serve as a Judge. The objective of this step is to ensure that the LLM-
Judge can reliably validate the topical classification of student comments on a smaller
sample before applying it to validate a larger sample of comments. To this end, two human
experts are asked to independently evaluate the correctness of the topical classification
done in stage 2 of the pipeline. Specifically, for each student comment from the randomly
chosen subset, the human evaluators are instructed to either confirm that the topical cate-
gory assigned by the LLM classifier is correct or to mark it as incorrect and note down the
category they deem correct (out of the 11 categories in Table[2]plus the ‘Other’ category).
After human experts complete this task and resolve any inconsistencies in their individual
evaluations, the resulting joint evaluation is considered the “ground truth” to be used for
assessing the correctness of the evaluation done by the LLM-judge.

The LLM-judge is given the same instructions as human evaluators, namely to ver-
ify if a student comment is associated with the correct topical category. In addition, the
LLM-judge is prompted to provide the rationale for its decision. The motivation for this
additional request is twofold: 1) it has been shown that LLMs tend to produce better results
if they are prompted to “think” before generating the output [12]; ii) to be able to trace the
LLM’s “thinking process”, especially in erroneous cases, so that the instructions (i.e., the
prompt) can be refined. The complete system prompt for the LLM-judge is given in Fig-
ure[A5]of the Appendix. To determine the level of alignment between the LLM-judge and
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the ground truth produced by the human experts, we use measurements that are typically
used for assessing the agreement of two human raters, namely the percentage agreement
and Cohen’s Kappa [46].

After the LLM-judge is assessed as reliable for verifying the classification task, it
is used in the second step of the evaluation process, to evaluate either the entire set of
student comments or a sufficiently large (random) sample that can ensure trustworthy
classification of the entire set. While evaluating the entire set of comments is preferred,
its feasibility depends on the funds and infrastructure available for feedback analytics; in
cases of limited resources, a randomly sampled subset may be a viable alternative (as,
e.g., in [32]).

In addition to examining the correctness of the topic classification, we also examine
the internal consistency of the LLM classifier. To that end, we run the classification task
five times on the same random sample of student comments (semantic units) and compute
the level of agreement in the classification results (i.e., percentage agreements) between
each pair of runs.

4. Application case: A Financial Management course

4.1. The application context and data source

The analysis utilizes student feedback from a standalone graduate-level university course
in financial management, spanning 43 semesters from 2013 to 2025. The course was run
in multiple distinct course sections per semester, four semesters per year: Fall, Spring,
and two Summer terms. The raw data used in this study consists of anonymised open-
ended student responses from course evaluation surveys. The open-ended questions in
these surveys changed a couple of times during the examined time period, but their gist
remained unchanged: asking students to comment on what they liked about the course and
the instructors, what they thought could be improved in the course (e.g., course content,
the way it is taught, the technology used), and what was their overall impression about the
course. Some of the questions were positively intoned (e.g., “What were the most valuable
aspects of the course?”), others were explicitly asking for suggestions for improvements
(e.g., “Please comment on aspects of this course that might be improved”), and there were
also questions neutral in tone, asking students to share any thoughts they have about the
course (e.g., “Feel free to provide any additional comments you believe would be useful
about the course. The following topics offer suggestions, but please do not feel limited to
them. What are the strongest aspects of the course overall? What can be improved? What
additions/changes would you suggest?”).

The original data consisted of 5892 student open-ended responses. However, some
of the responses were overly brief and not bearing meaningful information. For exam-
ple, responses such as “no”, “nope”, or “no comment” to a question asking students if
they had any additional comments about the course to share. Furthermore, there were also
questions that were not course-focused but asking students about their overall campus
experience, their interest in other courses, or asking them about their motivation for en-
rolling in the given study program. After removing overly short responses and responses
not directly related to the course experience, we ended up with 4679 student responses,
which served as the input to our feedback analytics pipeline. From the perspective of the
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above-mentioned three categories of open-ended questions, 1977 responses originated
from positively intoned questions, 154 responses from negatively intoned ones (i.e., those
asking for suggestions for improvement), and 2548 were given in response to the general
ones (neutral in tone). The use of this data for the study presented in the paper is approved
by the institution’s internal review board, under the approved protocol number 8467X.

4.2. Feedback processing results

All three stages of the feedback analytics pipeline (outlined in Figure [I)) were executed
with the GPT-40-mini, as a representative of the state-of-the-practice LLMs with a very
reasonable price-performance trade-off. Since student survey responses were completely
detached from any other student data (i.e., no student data apart from their responses to
the course evaluation survey was available in the dataset) and the response data was fully
anonymised, there were no privacy risks of using externally hosted LLM.

The first stage of our feedback analytics pipeline produced 9,674 student comments
(semantic units) with positive sentiment, 6,044 comments with negative sentiment, and
794 neutral comments. The distribution of positive and negative comments, which were
the subject of further analysis, is presented in Figure 2}
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Fig. 2. Distribution of positively and negatively intoned student comments (semantic
units) over the examined time period. The values on the X-axis refer to distinct, chrono-
logically ordered course editions, consisting of the year and semester identifier (e.g.,
“20253” refers to the 3rd semester in year 2025).

As Figure |Z| indicates, the amount of feedback collected from students differed over
time, with the numbers significantly increasing for the first time in the last semester of
2018 and then oscillating over the remaining years. It is also evident that positive com-
ments tend to outnumber negative ones, in some semesters being even many times higher
than negative ones. This may be partly explained by the dynamics of student enrollment
throughout an academic year. In particular, semesters labeled as 1, 2, 3, and 4 correspond
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to Summer 1, Summer 2, Fall, and Spring, respectively, with the summer semesters hav-
ing fewer students than the Fall and Spring ones, when the majority of students enroll in
courses. After 2017, there has been a significant growth in student enrollments due to a
complete overhaul of the management programs, where the course that is the focus of our
study has become a core course in different study programs, including marketing, busi-
ness analytics, innovation, project management, enterprise risk management, and supply
chain management. Additionally, the course itself has undergone redevelopment during
this transition period, which may also explain the increase in the students’ positive com-
ments and their dominance over the negative ones. The course is continually updated, as
there is always room for improvement, especially in course organization, resources, and
assessments, as will be confirmed by our subsequent analysis.

The next stage in the feedback processing pipeline was topical classification of posi-
tive and negative comments. The resulting distribution of positive and negative comments
across the topical categories is shown in Figure [3] More precisely, the figure shows the
proportions of positive and negative (i.e., improvement-oriented) comments assigned to
each topical category relative to the total number of student comments. This overall dis-
tribution suggests that students had far more positive than negative overall impressions
about the course during the examined time period (2013-2025). They were also predom-
inantly positive about the course instructors. Likewise, the course content and its value
and relevance were the subject of primarily positive student remarks. On the other hand,
the course assignments and grading, course materials and resources, as well as the course
organization and logistics received many more comments on potential improvements than
praises.

While Figure [3| provides a structured insight into the students’ opinion about different
aspects of the course, it is limited by being based on comment counts during the overall
examined time period. For course coordinators and instructors, insights into the trends
over a specific time period (e.g., before and after certain instructional intervention) could
be more informative and actionable. With student comments associated with the course
edition they originate from and annotated with topical categories, such temporal views
can be easily created. For example, Figure 4| presents one potential approach to present-
ing trends in students’ positive opinions throughout 2024 and 2025 semesters (a similar
one can be seamlessly applied to negative opinions, that is, suggested improvements).
The figure shows, for each semester, how positive comments were distributed across the
11 topical categories. For example, one may notice that the second semester of 2024
(‘20242”) distinguishes itself by a notably higher proportion of positive overall impres-
sions than the other semesters in 2024 and 2025, and that this may be primarily attributed
to the positive impressions of course instructors.

Finally, the summarization stage produced for each course edition and each topical
category a set of main themes, each one accompanied by a brief description. As an il-
lustration of the summarization results, Table |3| presents a feedback summary for the
Instructor’s teaching approach category in the 2nd semester of the 2022 course edition,
while Table ] provides the same kind of summary for a course-focused category, namely
Course assignments and grading, in the same course edition. The output of this phase
may be particularly relevant to course instructors as it provides deep insight into distinct
aspects of the course and may offer information for course and/or instructional revision
or redesign.
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Fig. 3. Distribution of positive and negative student comments (semantic units) across the
11 topical categories plus “Other”. The values on the X-axis are the proportions of distinct
categories of positive / negative comments in the total number of student comments.

Considering the complexity of a formal validation of the summarisation task, we opted
for the approach adopted in similar prior studies (e.g., [34]]), namely an informal evalua-
tion by a course instructor. In particular, one of the paper co-authors, who has been teach-
ing this course for several years, reviewed a random sample of summaries and confirmed
that they accurately reflect the content of the student comments and offer actionable in-
formation relevant to the course instructors.

4.3. Evaluation of topical classification

To evaluate the topical classification of student comments (semantic units), we followed
the procedure detailed in Section [3.4] For the first step of the evaluation procedure, we
have randomly selected 50 positive and 50 negative (i.e., improvement-focused) student
comments from each of the last five years (2021-2025). This resulted in 250 positive and
245 negative comments, for a total of 495 comments. The lower number of negative com-
ments is due to the fact that the number of negative comments in the first three semesters
of 2025 was limited to 45 (the data was not available for the 2025 Fall semester). Both
positive and negative comments were evaluated by two of the paper authors. Both of them
are university professors with over twenty years of experience in teaching and course
management. Due to these roles, they are highly familiar with and experienced in read-
ing and analysing student feedback. One of them has been teaching for several years
the course that the comments originate from. Considering all this, the two human raters
are well qualified to understand and classify students’ course evaluation comments. The
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Fig.4. Distribution of students’ positive comments across topical categories over
semesters of 2024 and 2025 academic years. Note that all the plots have the same x-
axis and to avoid the clutter, we show axis labels only for the plots in the bottom row.
Likewise, labels on the y-axis are given only for the left most plots and the same y-axis
applies to all the plots.



Table 3. An example of feedback summary for the Instructor’s teaching approach category

in one course edition
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Topical category: Instructor’s teaching approach

Summary of positive
comments

Instructor Effectiveness: Students praised the instructors for
their thoroughness, preparation, and ability to present
information clearly, contributing to a positive learning
experience.

Engagement in Live Sessions: Many students expressed
appreciation for the live instruction and interactive homework
sessions, highlighting their effectiveness in enhancing
understanding of the material.

Flexibility in Teaching Methods: Facilitators were
commended for offering various methods of problem-solving,
allowing students to choose the approach that suited them best.

Course Structure: The organization and structure of the
course were noted as key factors that contributed to its success
and the students’ learning outcomes.

Summary of negative
comments

Facilitator Effectiveness: Students felt that the facilitators did
not effectively engage with the material or provide adequate
explanations.

Need for Practical Examples: There is a desire for facilitators
to incorporate real-life examples from their experiences to
enhance understanding of the topics.

Learning Environment: The live class environment was
perceived as lacking in interactivity and depth, making it
difficult for students to learn effectively.

Material Presentation: Comments indicated that the material
was often presented in a way that felt repetitive and not
sufficiently taught, leading to confusion.
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Table 4. An example of feedback summary for the Course assignments and grading cate-
gory in one course edition

Topical category: Course assignments and grading

Summary of positive Homework Effectiveness: Students found the homework
comments sessions and assignments to be beneficial for understanding
course material and preparing for exams.

Feedback Mechanism: The embedded homework modules
with instant feedback were appreciated for enhancing learning
and providing clarity on problem-solving approaches.

Grading Fairness: Students felt that the grading was fair,
especially given the complexity of the assignments and the
tight timelines.

Support Sessions: Homework help sessions and exam
preparation classes were highlighted as valuable resources for
reinforcing knowledge and identifying gaps.

Relevance of Assignments: Assignments were seen as closely
related to the course content, aiding in the overall learning

experience.
Summary of negative Grading Discrepancies: Students reported inconsistencies and
comments errors in grading, leading to frustration and confusion

regarding their scores.

Homework Confusion: Many students found the homework
assignments on Connect to be confusing and counter-intuitive,
particularly with the use of Microsoft Excel.

Discussion Board Issues: Feedback indicated that the
discussion board grading was lacking, with no comments made
and a perception that it was a waste of time.

Workload Concerns: Students expressed that the workload
was excessive, with too many assignments and readings that
did not align well.

Preference for Human Grading: There was a strong
preference for assignments to be graded by a person rather than
a computer, as students felt this would reduce errors and
improve fairness.
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same sample of positive and negative comments was also evaluated by GPT-5-mini in the
LLM-Judge role (for instructions given to the model, see Section @

Human experts first evaluated the LLM classifier independently of one another, then
jointly reviewed disagreements and resolved them, reaching complete agreement. Thus
obtained human evaluation served as the “ground truth” for computing the evaluation
measures for both the LLM classifier and LLM judge.

The number and percentage of correct topical classifications, done by the LLM classi-
fier, as evaluated by both human experts and the LLM-judge, are given in Table[5] As the
table suggests, the LLM classifier (GPT-40-mini) tends to be more successful in classify-
ing positive than negative comments. In addition, the LLM-judge (GPT-5-mini) seems to
be quite well aligned with human experts when judging the correctness of comment classi-
fication. To further explore the alignment between the human experts and the LLM-judge,
we have computed and reported the matching ratio and Cohen’s Kappa in Table[6] While
the matching ratios are high for both positive and negative comments, Cohen’s Kappa
values indicate substantial agreement for positive comments and moderate agreement for
negative comments [25]].

Table 5. Evaluation of the topical classification by human experts and LLM-judge, given
as the number and the proportion of correct classifications

Positive comments Negative comments
LLM Classifier - Human 221 (0.884) 212 (0.865)
LLM Classifier - LLM Judge 223 (0.892) 211 (0.861)

Table 6. Measures of the alignment between the human experts and the LLM-judge on
the evaluation of the comments classification task

Matching ratio Cohen’s Kappa
Positive Negative Positive Negative
comments comments comments comments
LLM Judge - Human 234 (0.936) 220 (0.898) 0.678 0.568

agreement

Considering this imperfect agreement, we have examined in detail the cases of mis-
alignment between the human raters and the LLM-judge. Table[7]shows the category pairs
that occurred in the misaligned cases more than once. The Instructor’s teaching approach
and Course content categories were the ones with the highest presence in the unaligned
evaluations (23 out of 41 cases in total); likewise, Course organization and logistics and
Instructor’s demeanor and communication with students, occurred a couple of times. For
the presented pairs, as well as those that occurred just once and are not shown here, it
is clear that they are closely related in meaning, with very subtle differences, and thus
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occasional misalignment is expected, especially considering that the students’ comments
(semantic units), when extracted from the overall student response, can be vague.

Finally, to examine the internal consistency of the LLM classifier, we reran the clas-
sification task on the same sample of 495 student comments and computed the average
percentage of matches across all pairs of runs. The average matching is 0.988, with 11 to
13 mismatches out of 495 classifications, per run. This indicates high internal consistency
of the LLM classifier.

Table 7. Frequent kinds of misalignment between human raters and LLM-judge

Category 1 Category 2 Frequency
Instructor’s teaching Course organization and 9
approach logistics
Instructor’s demeanor and 2
communication with
students
Instructor’s clarity and 2
explanations
Course content Course value and relevance 4
Course organization and 3
logistics
Course materials/resources 3
Instructor’s feedback and Instructor’s demeanor and 3
support communication with
students
Course assignments and Course organization and 2
grades logistics

5. Discussion

This paper presents a practical, LLM-based methodology for scalable analysis and in-
formation extraction from students’ open-ended feedback, collected via an end-of-course
evaluation survey. Through the main steps of the proposed feedback analytics pipeline
(Figure , students’ feedback, from one or a series of course editions, is transformed
from raw natural language responses, to a set of main themes, each associated with one
of the eleven distinct course or instructor-related aspects of a course evaluation (Table [2).
This output may serve as a valuable source of information to instructors and course coor-
dinators for course and instruction (re-)design. It may also offer course coordinators and
school management insights into trends in students’ opinions about specific courses and
instructional aspects over longer periods, and thereby inform course-level and program-
level decisions.
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The presented application case (Section [) illustrates the method’s output in the con-
text of a graduate-level university course. Specifically, Tables[3|and[]illustrate summaries,
in the form of a set of key themes, that the method generates for each of the eleven course
aspects that emerged as relevant in the overall pool of student responses. While these
summaries may be primarily relevant to the course instructors and facilitators who taught
the corresponding course edition, a visual depiction of the change in the students’ opinion
over time, such as the ones shown in Figures [3]and [d] may help the course coordinator to
better understand the effects of the applied course / instructional changes over time.

This work complements prior related work, especially the work by Fuller at al. [[17]
and Katz et al. [23]. The former examined how efficient and aligned with instructors
LLMs were in identifying main themes in students’ feedback, whereas the latter demon-
strated how a combination of NLP techniques and LLMs could be used to generate a
codebook for student feedback analysis. In the current work, we show how a codebook,
once developed, can be systematically employed in a feedback analytics pipeline to iden-
tify main topical categories and use these to prepare topically-focused feedback sum-
maries for instructors. Our work is most similar to the work of Parker et al. [34]] who did
a comprehensive exploration of LLMs use in a variety of NLP tasks, for deriving insights
from course feedback surveys. While they have explicitly covered a wider span of po-
tential scenarios for leveraging student feedback, our solution has the advantage of being
more versatile due to the initial step of decomposition of the feedback into semantic units,
which together with the assigned sentiment may serve as suitable input for a variety of
feedback analytics scenarios.

The evaluation of the classification step (Section[4.3)) has shown that neither the LLM-
classifier nor the LLM-judge is fully aligned with the human experts. This is in line with
recent research that studied LLM annotation errors in detail and offered empirical evi-
dence for why a high level of alignment between humans and LLMs on qualitative coding
tasks is unrealistic [45]]. However, in the majority of misclassification cases, the errors we
observed are not “consequential” in the sense that they are not expected to have major
impact on the downstream tasks, namely, topical summaries to be created for teachers
and/or visualizations for course/study program coordinators. For example, a typical mis-
classification was that the LLLM assigned the Course content category instead of Course
value and relevance, or vice versa (Table [7). Considering how closely related these two
categories are, whether a student comment is included in the summary of one or the other
category, is not expected to affect much the quality of information that is eventually pro-
vided to the teacher. Similarly, such a misclassification would not significantly affect the
trends in the student opinion that a visualization such as the one in Figure 4 aims to com-
municate.

The observed misclassifications (i.e., errors of the LLM-classifier) and misalignments
with the LLM-judge, were to be expected since, in practice, the agreement among human
classifiers can be imperfect too. Human classifiers and judges may encounter ambigui-
ties and/or unclear statements in student comments (e.g., ”Very responsible”, ”Grading
if discussions are unclear and misleading”), which may occur due to students’ writing
styles, their command of the language if they are non-native speakers, and so on. Such
ambiguities may also be a source of uncertainties for human evaluators regarding how
the comments should be best classified. In the presented application case, such situations
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were not uncommon (15-20%), depending on the specific human evaluator, and were
eventually resolved through a discussion among the human evaluators.

Uncertain human classification of student opinions and misalignments between hu-
man and LLM classifiers and judges are tightly coupled with the coding scheme com-
plexity [45]]. On the one hand, the more complex the scheme, the greater the likelihood
that student comments will convey the message precisely. On the other hand, a complex
classification scheme tends to introduce uncertainties about the right category. This may
create a preference for multi-label coding, that is, the use of two or more categories to
label students’ comments (as done, e.g., in [34]), or for more detailed instructions for
the LLM classifier to avoid typical inconsistencies and ambiguities. Further research is
required to systematically investigate whether multi-label classification and/or more de-
tailed instructions would achieve better overall results than a single-label.

6. Limitations

Like any other research method and study, the current one suffers from some limitations.

First, the approach presented in the paper was evaluated with data from only one
course, although the dataset of student comments was quite large and spanned multiple
course editions over twelve years. For a more comprehensive evaluation, similar datasets
from other courses should be used as well.

Second, the only component of the feedback analytics pipeline thoroughly evaluated
in this study is the topical classification (Section[4.3), which was conducted on a relatively
small subset of student comments (N=495). For a fully trustworthy feedback analytics
pipeline, it is necessary to also evaluate how accurately the LLM extracts semantic units
from student comments, how well it performs sentiment analysis, and how well the gener-
ated summaries align with students’ comments. While prior research has evaluated LLMs
on tasks of text segmentation, sentiment analysis, and summarization, these evaluations
were conducted in different contexts, and it would also be important to verify that LLMs
can complete these tasks well in the context of students’ open-ended course feedback.

Next, all the tasks in the analytics pipeline were based on one specific LLM, namely
GPT4-0-mini, whereas GPT5-mini served as the LLM judge. While these models have
been representatives of the state-of-the-practice LLMs at the time the study was con-
ducted, testing the pipeline with other LLMs, especially open-weighted ones is an impor-
tant next step, as some universities may prefer to use locally hosted models for student
feedback analysis.

Finally, our evaluation of the LLM-judge showed either substantial or moderate agree-
ment with human experts. Systematic analyses of LLM-as-a-judge highlight that even
strong judge models may lag inter-human agreement and can display vulnerabilities such
as leniency, bias, and sensitivity to prompt complexity [43]]. To address these vulnerabil-
ities, we will explore safeguards recommended for qualitative applications, including: (i)
using multiple judges or model families, (ii) further calibration on a human-labeled refer-
ence set, including the documentation of prompt versions and sampling strategies [43,48].
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7. Conclusion and future research directions

Summarizing students’ comments and opinions from open-ended questions in end-of-the-
course surveys into meaningful and actionable insights is an extremely challenging and
demanding task for humans. Using LLMs to help perform this task (semi—)automatically
has started to attract interest among researchers, teachers, and course managers. Yet, until
now, a generic methodology for conducting this task using LLMs was missing.

This paper has analyzed existing approaches, identified emerging common points,
elaborated on them, and defined a feedback analytics pipeline for using LLMs to perform
this task. The main steps in the pipeline include splitting student responses into logically
and topically cohesive units (semantic units), sentiment analysis, topical classification,
and summarization. The major benefit of this framework is that it enables teachers and
course coordinators to start with students’ qualitative feedback to open-ended questions
in their course evaluations, and obtain structured and actionable insights. We have eval-
uated the framework in practice using a rich dataset of student comments from multiple
editions of a graduate course in financial markets taught at a U.S. university and obtained
encouraging results.

The presented analytics pipeline and the lessons learned from its initial application,
provide grounds for some interesting further research to strengthen the validity and prac-
tical utility of the pipeline. First, the imperfect alignment between LLMs and human
evaluators suggests that the current LLMs are not (yet) ready for automated qualitative
coding of student open-ended feedback and that some form of human-LLM collaboration
on the coding tasks might be a better solution. Accordingly, an important direction for
further research is to redesign some elements of the proposed methodological pipeline, to
ground them in human-in-the-loop and/or human-on-the-loop principles, similar to what
was recently proposed by Li et al. [26] for coding human-Al interaction in learning set-
tings. This would ensure the preservation of interpretive validity, as an intricate feature
of traditional approaches to qualitative analysis [[8,36]], while leveraging scale, speed, and
consistency that automation brings. Second, the adopted coding scheme (Table [2) is not
grounded in educational theories but inductively created. As such, the coding scheme
does not bind the resulting annotations/classifications of student comments to any par-
ticular pedagogical approach. On the other hand, being pedagogy-agnostic, the coding
scheme does not provide teachers with direct guidance on how to act upon the insights
derived from the students’ comments. Therefore, it would be worthwhile to explore a
more pedagogy-informed version of the coding scheme, first in terms of LLM-based an-
notation/classification accuracy, and then in terms of the utility it can bring to teachers
as a part of the overall analytics pipeline. The recently proposed coding instrument for
labeling effective and malfunctional teaching practices [2] may provide a solid ground for
pursuing this research direction. Last but not least, we intend to evaluate the outputs of
the proposed feedback analytics pipeline with the instructors and facilitators teaching the
course from our first application case. The collected educators’ feedback on the relevance
and usefulness of the topical summaries and visual presentation of trends in students’
opinions, will serve two important functions: (i) it will serve as a key input for further
refining the methodological pipeline, and (ii) it will be used for the initial design of a
teacher-facing dashboard, computationally grounded in the feedback analytics pipeline,
which would allow teachers to choose and shape the analysis of the course feedback.
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Appendix

This section presents the final version of the system prompts used in distinct stages of the
proposed feedback analytics pipeline.

You are an expert in analysing student responses to open-ended questions in a course
evaluation survey. Your specialty is extracting, from students' responses, opinions that
the students expressed about the course (e.g., about the course structure, organisation,
materials, the teacher, and the like).

I will give you a student response to a survey question asking them to comment on the
positive aspects of the course or the instructor.

In their response, a student may express a positive opinion about just one aspect of the
course and/or instructor or may express opinion about several aspects.

Your task is to identify all distinct course aspects the student was positive about in
their response and return them as a list, where each opinion is one list element.

Please try to avoid redundancy in this list, so if a student comments on the same or very
similar course aspect twice or more times, summarise those comments and then add them to
the list.

Structure the output as a JSON list of string values.

Here is the student response to analyze:
{response}

Fig. A1. The final version of the system prompt for decomposing students’ responses to
questions with explicitly defined polarity
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You are an expert in analysing student responses to open-ended questions in a course
evaluation survey. Your specialty is extracting, from a student's response, positive
and negative aspects of the course (e.g., the course content, structure, materials, the
instructor's teaching style and approach, and the like).

I will give you a student response to a survey question asking them to comment on what
they liked about a course and the course instructor, and, also, what are the things
that should be improved regarding the course and the instructor.

In their response, a student may express opinion about just one aspect of the course
and/or instructor or may express opinion about several aspects.

Your task is to identify all distinct opinions about the course or instructor that the
student expressed in their response and determine the sentiment of the opinion
(positive, neutral or negative).

Your response should be a JSON list of dictionaries, where each dictionary is of the
following form:

18
'opinion': <an extracted student's opinion goes here>
'sentiment': <the sentiment of the opinion goes here>

+}

Here is the student response to analyze:
{response}

Fig. A2. The final version of the system prompt for decomposing students’ responses
to general questions, where a response may contain a mixture of positive and negative
impressions
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You are an expert in analysing student responses to open-ended questions in a course
evaluation survey.

Your specialty is classifying students' comments into topical categories representing
students' opinions about distinct aspects of the course and its instructors.

I will give you a student's comment on the positive aspect(s) of the course or the
instructor. Your task is te classify the comment into one of the eleven categories given
below.

If the comment does not belong to any of the given categories, put it into the 'Other’
category.

Here is the list of categories, where each category label is followed by a description:

* Course content: this category refers to subject-matter topics taught in the course,
including domain-specific skills and competences.

* Course organization and logistics: this refers to all aspects of the course
organisation, including scheduling of lectures and labs, timeliness of course
announcements, the availability and accessibility of the learning tools and the like.

* Course value and relevance: this refers to the perceived course value and relevance,
both from the academic and practical perspective.

* Course materials and resources: this category refers to all kind of materials and
resources that were provided to the students, recommended to them, or requested from them
to use.

* Course assignments and grading: this category refers to all kinds of assignments in the
course, both formative (not graded, for practice only) and summative ones (graded), as
well as the grading system applied in the course.

* Instructor's teaching approach: this category refers to various aspects of the
instructor's teaching approach, including different aspects of the instructional design
and interaction with the students during the class.

* Instructor's knowledge and expertise: this refers to the instructor's competence, as
perceived by the student, for the topics included in the course syllabus.

* Instructor's clarity and explanations: this category refers to the instructor’'s clarity
of expression and quality (comprehensibility) of explanations; in other words, the
quality of communication of the subject matter topics to the students.

* Instructor's feedback and support: this is about the frequency, quality, and usefulness
of the feedback on course assignments and the overall support.

* Instructor's demeanor and communication with students: this category is about the
politeness of communication with students, friendliness, and availability for
communication.

* Overall impression: this refers to the student's overall impression about the course
and/or the instructor.

Return your response as a string that contains only the label of the category you
assigned to the student's comment. Do not include any preamble or explanation.

Student's comment:
{comment}

Fig. A3. The final version of the system prompt for classifying students’ comments (se-
mantic units) with positive polarity. Note: The prompt used for categorization of seman-
tic units with negative polarity differs only in the opening sentence of the second para-
graph, which reads as follows: “I will give you a student’s comment expressing dissat-
isfaction with some aspect(s) of the course or the instructor. The dissatisfaction may be
openly/directly expressed, or it may be stated in a tacit/implicit form.”
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You are an expert in analysing student responses to open-ended questions in a course
evaluation survey.

Your specialty is summarising students' comments, to make it easier for the teacher to
identify the key themes in the students' feedback.

I will give you a set of students' comments (each comment in a separate line) about a
particular aspect of the course or the course instructors and will ask you to create a
concise summary of those comments, by identifying the key themes in the comments.

Present the identified main themes as a dictionary where each dictionary key is a concise
expression of an identified main theme, while the value is a sentence-long description of
that theme.

Return the results in the JSON format, as a list of key-value pairs.

Student comments:
{comments}

Fig. A4. The final version of the summarization prompt
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You are an expert evaluator for text classification tasks. Your goal is to act as a judge
and assess the accuracy of a student opinion classification.

Here is the task: A student's comment about a course was classified into one of the
following categories:

* Course content: this category refers to subject-matter topics taught in the course
including domain-specific skills and competences.

* Course organization and logistics: this refers to all aspects of the course
organisation, including scheduling of lectures and labs, timeliness of course
announcements, the availability and accessibility of the learning tools and the like.

* Course value and relevance: this refers to the perceived course value and relevance,
both from the academic and practical perspective.

* Course materials and resources: this category refers to all kinds of materials and
resources that were provided to the students, recommended to them, or requested from them
to use.

* Course assignments and grading: this category refers to all kinds of assignments in the
course, both formative (not graded, for practice only) and summative ones (graded), as
well as the grading system applied in the course.

* Instructor's teaching approach: this category refers to various aspects of the
instructor's teaching approach, including different aspects of the instructional design
and interaction with the students during the class.

* Instructor's knowledge and expertise: this refers to the instructor's competence, as
perceived by the student, for the topics included in the course syllabus.

* Instructor's clarity and explanations: this category refers to the instructor's clarity
of expression and quality (comprehensibility) of explanations; in other words, the quality
of communication of the subject matter topics to the students.

* Instructor's feedback and support: this is about the frequency, quality, and usefulness
of the feedback on course assignments and the overall support.

* Instructor's demeanor and communication with students: this category is about the
politeness of communication with students, friendliness, and availability for
communication.

* Overall impression: this refers to the student's overall impression about the course
and/or the instructor.

Finally, if a comment could not be classified into any of the above categories, it would
be assigned to the "Other" category.

Both the student's comment and the category it was assigned are given below. Your task is
to determine if the assigned category is correct.

The assigned category is considered correct if the following two criteria are satisfied:
1) Among the possible categories (given above), it is the best fit for the student's
comment

2) The comment primarily focuses on the aspect identified by the category.

Your response should be a dictionary of the following form:

{
'correctness': [Yes/No]
‘reasoning’ : [Brief explanation of your evaluation]

4

Return this dictionary as a JSON object. Do not include any preamble or any additional
explanation.

Fig. AS. The final version of the system prompt used to instruct the LLM-Judge to verify
topical classification of student comments



1484 Jelena Jovanovic, Irena Vodenska, and Vladan Devedzic

Jelena Jovanovic a Professor at the Department of Software Engineering, University of
Belgrade, Serbia. She is also an Adjunct Professor in the Centre for the Science of Learn-
ing & Technology (SLATE) at University of Bergen, Norway, and an Adjunct Professor
in the Centre for Learning Analytics at Monash (CoLAM), Monash University, Australia.
Her current research focus is on the use of computational approaches, including statisti-
cal and machine learning methods and techniques, network analysis, and generative Al,
towards better understanding and supporting learning, primarily self-regulated learning in
higher education settings. Currently she serves as Advisor to the Editor-in-Chief of IEEE
Transactions on Learning Technologies and Editorial Board member of Journal of Learn-
ing Analytics, Journal of Educational Data Mining, The Internet and Higher Education,
and Computers & Education: Artificial Intelligence.

Irena Vodenska is a Professor of Finance, Director of Finance programs, and chair of the
Administrative Sciences Department at Metropolitan College, Boston University. Since
2004, she has been a Chartered Financial Analyst (CFA) charter holder. Her research fo-
cuses on network theory and complexity science, sustainability in finance and macroeco-
nomics, effects of media on financial markets, technology-aided learning, and Al-powered
enhancement in teaching. She is involved in Financial Literacy initiatives and democra-
tizing finance education for the global community. As a Principal Investigator (PI) for
Boston University, she has won interdisciplinary research grants from the European Com-
mission, the US Army Research Office, and the National Science Foundation, USA.

Vladan Devedzic is a Professor of Computer Science and Software Engineering at the
University of Belgrade, Faculty of Organizational Sciences, Belgrade, Serbia. Since 2021,
he has been a Corresponding Member of the Serbian Academy of Sciences and Arts
(SASA). His long-term professional objective is to bring close together ideas from the
broad fields of Artificial Intelligence / Intelligent Systems and Software Engineering. His
current professional and research interests include artificial intelligence, programming
education, software engineering, intelligent software systems and technology-enhanced
learning (TEL). He is the founder and the Chair of the GOOD OLD Al research network.

Received: January 20, 2026, Accepted: June 3, 2026.



	Introduction
	Literature Review
	End of the course student feedback
	LLMs in the analysis of educational content and feedback

	Methodology: an LLM-assisted feedback analytics pipeline
	Decomposition and sentiment analysis of students’ comments
	Topical classification
	Summarization
	Evaluation of the pipeline

	Application case: A Financial Management course
	The application context and data source
	Feedback processing results
	Evaluation of topical classification

	Discussion
	Limitations
	Conclusion and future research directions

