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Abstract—With the growing scalability challenges in higher ed-
ucation, automated student feedback analysis has become crucial
for course evaluation and pedagogical improvements. However,
traditional methods struggle to handle mixed sentiments, adapt to
evolving feedback trends, and maintain computational efficiency.
To address these challenges, we propose StuLAC, a Software
Engineering-driven framework that integrates Large Language
Models (LLMs) with Adaptive Template-Based Caching (ATC).
StuLAC employs hierarchical matching for fine-grained classi-
fication and dynamically updates feedback templates through
context-aware cache refinement. Empirical results on 80,000 stu-
dent feedback entries demonstrate that StuLAC-generated sum-
maries improve overall quality by 10.5% compared to manually
generated reports, while also achieving faster processing times.
Additionally, StuLLAC attains an 86.4% accuracy and an 86.24%
F1-score in sentiment detection. StulLAC’s Feedback Summary
Generation provides actionable insights that enhance data-driven
decision-making in educational settings. These findings establish
StuLAC as a scalable and adaptive solution for improving Al-
driven educational feedback systems.

Index Terms—LLM-Driven Feedback Analysis, Adaptive
Caching in NLP, Educational Data Engineering, Scalable AI for
Academic Evaluation, Software-Optimized Sentiment Classifica-
tion

I. INTRODUCTION

The rapid expansion of higher education has led to an
exponential increase in student feedback data, necessitating
scalable, automated analysis techniques [1]. Traditional feed-
back evaluation methods, often relying on manual review or
rudimentary keyword-based sentiment analysis, struggle with
handling large-scale, complex, and mixed-sentiment responses
[2], [3]. Additionally, static classification models fail to adapt
to evolving feedback patterns, leading to poor generalization
and inefficiencies in educational decision-making [4].

The increasing volume and diversity of student feedback
data pose significant challenges for conventional feedback
analysis methods. Traditional approaches [1], [2], [5], [6],
often based on keyword matching or basic sentiment analysis,
struggle to effectively categorize and interpret complex and
nuanced feedback entries. For example, a feedback entry such
as “The instructor was very clear, but some topics were con-
fusing.” presents both positive and negative sentiments, which
are difficult to classify using basic methods [7]. Additionally,
many existing systems are not adaptable enough to handle
evolving feedback patterns and emerging themes, leading to

rigid frameworks that are not responsive to the dynamic nature
of student feedback [8]. Without a robust and adaptive system,
it becomes increasingly difficult to process, categorize, and
analyze feedback as new topics and expressions emerge.

Recent advancements in language models, such as ChatGPT
[9], offer a promising solution to the challenges in student
feedback analysis [10]. ChatGPT’s language understanding
and context-handling capabilities enable more nuanced senti-
ment detection and dynamic refinement of feedback templates,
making it well-suited for managing complex feedback and
adapting to evolving patterns in student input [11], [12]. While
the use of such models in educational feedback systems is still
emerging, their potential to enhance feedback accuracy and
adaptability is significant, particularly in handling mixed sen-
timents and evolving themes [13]. However, limited research
has explored the integration of ChatGPT into these systems,
highlighting a need for further investigation to fully leverage
its capabilities in educational settings.

To address these challenges, we propose the Student
Feedback Analysis framework using LLMs with Adaptive
Template-Based Cache (ATC), named StuLLAC. StuLAC in-
tegrates the semantic capabilities of Large Language Models
(LLMs) [14] with a dynamic, adaptive caching system to
efficiently classify and analyze student feedback. The frame-
work uses a hierarchical matching approach that categorizes
feedback into coarse and fine levels, allowing it to handle
complex, long-form feedback with multiple themes or mixed
sentiments. By leveraging ChatGPT [9] for cache updating,
StuLAC dynamically generates or refines templates, adapting
to emerging feedback patterns and ensuring responsiveness
to diverse inputs. Additionally, the Feedback Summary Gen-
eration component consolidates key insights—such as sen-
timent trends, category distributions, and actionable sugges-
tions—into clear, data-driven reports that inform decision-
making and enhance educational outcomes. In summary, our
primary contributions can be summarized in four-fold:

o We introduce an adaptive template-based caching mech-
anism that dynamically updates and refines templates
in response to new feedback patterns, combining LLMs
with adaptive caching for scalable, efficient feedback
management.

o We apply a hierarchical matching approach that improves
classification accuracy by handling long feedback entries
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with mixed sentiments, increasing granularity in feedback
analysis.

« We utilize In-Context Learning (ICL) with ChatGPT to
generate and differentiate templates, capturing nuanced
feedback without redundancy.

o The Feedback Summary Generation component synthe-
sizes sentiment trends, category distributions, and ac-
tionable insights, providing clear, data-driven reports to
support decision-making in educational settings.

II. METHODOLOGY

A. Overview

The Adaptive Template-Based Cache (ATC) in the Stu-
LAC framework efficiently categorizes and analyzes diverse
student feedback through hierarchical template-matching and
caching, adapting dynamically to new feedback patterns. As
shown in Figure 1, the ATC operates in three phases: ini-
tialization, cache matching, and cache updating. In the
initialization phase, feedback is clustered to identify distinct
patterns, from which an initial set of templates is manually
curated. These templates are defined by key features, includ-
ing extracted keywords and sentiment terms, serving as the
foundation for future matching. To handle complex, long-
form feedback, we employ a hierarchical matching approach
with coarse and fine classification. The first level assigns
feedback to broad categories, such as learning attitude or
teaching content, based on overall themes, while the second
level further classifies it into sub-templates for more detailed
aspects. This layered approach ensures both broad and nuanced
aspects of feedback are captured. During cache matching,
incoming feedback is processed using cosine similarity of
sentence embeddings (e.g., ROBERTa) to match new entries
to existing templates based on a predefined threshold; un-
matched feedback triggers cache updating, where ChatGPT
generates or refines templates to accommodate emerging
patterns. Finally, Feedback Summary Generation compiles
key statistics—such as category distribution, sentiment trends,
and feedback patterns—into a structured report generated by
ChatGPT, offering educators and administrators a compre-
hensive overview to inform decision-making. This adaptive
mechanism ensures the ATC remains responsive, efficient, and
comprehensive over time.

B. Initialization

The initialization phase in the StuLAC framework is essen-
tial for constructing an initial set of templates that capture
the diversity of student feedback patterns. We employ the
DBSCAN [15] algorithm, chosen for its ability to detect
clusters of varying densities and its robustness to noise, mak-
ing it particularly well-suited for handling noisy, unstructured
feedback data. One key advantage of DBSCAN is that it does
not require the number of clusters to be pre-defined, allowing
it to naturally identify clusters based on the density of data
points. In DBSCAN, each feedback entry is embedded into a
high-dimensional space using sentence embeddings, denoted
as v; for the i-th feedback. The algorithm uses two parameters:

the radius € for neighborhood distance and the minimum
number of points MinPts required to form a cluster [16].
Two feedback embeddings v; and v; are considered part of
the same cluster if:

|lvi —v;|| <e and density(v;) > MinPts. (1)

This clustering approach allows us to group feedback
based on natural patterns, capturing thematic groups such as
“positive attitudes toward teaching,” “constructive criticism of
materials,” or “requests for additional resources,” and offers a
flexible, noise-resistant solution for initial template generation.

To handle the complexity of long feedback entries, we
employ a hierarchical matching method [17] with coarse and
fine classification [18]. This method allows us to categorize
complex, multi-part feedback more effectively by breaking it
down into broad themes at the coarse level and refining it
into more specific aspects at the fine level. In the initialization
phase, feedback clusters are reviewed, and representative feed-
back sentences are selected to serve as coarse-level templates.
These coarse templates are then further refined during the fine
classification stage to capture more detailed feedback aspects.
For example, a feedback sentence like “The instructor was
clear, but the material was quite complex.” is first matched to
a coarse template for “Instructor Clarity” and subsequently
assigned to the fine template “Course Material Difficulty,”
accurately capturing both positive and negative sentiments.

This two-level classification ensures that the framework
handles both broad themes and nuanced details in feedback,
improving the precision of categorization. Each template is
defined by key features, such as extracted keywords and senti-
ment markers, which facilitate the matching of new feedback
entries. For instance, the “Instructor Clarity” template may
include keywords like “clear”, “well-explained”, and “help-
ful”, with a positive sentiment label. In contrast, the “Course
Material Difficulty” template might include keywords such as
“difficult”, “complex”, and ‘“hard to follow”, paired with a
neutral-to-negative sentiment. This hierarchical approach en-
hances the framework’s ability to categorize feedback entries
with mixed sentiments or multiple themes, ensuring more
accurate and comprehensive feedback analysis.

To illustrate further, consider the feedback templates and ex-
amples in Table I. The hierarchical matching method processes
each feedback entry in two stages: at the coarse level, feedback
is assigned to broad categories such as Student Engagement
or Course Pacing, based on the overall sentiment. At the
fine level, the feedback is further categorized into specific
sub-templates. For instance, the feedback “The material was
quite challenging and sometimes difficult to follow, but the
instructor was clear in their explanations.” is first matched
to the Instructor Clarity template and then refined with the
Course Material Difficulty template, accurately capturing both
positive and negative sentiments. This two-tiered approach
ensures precise categorization of feedback, regardless of its
length or complexity, maintaining high accuracy in sentiment
detection.
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Fig. 1: The overview of our StuLAC framework.
TABLE I: Examples of coarse-level feedback templates with student feedback.
Template Keywords Sentiment Example Feedback
Student {“interactive,” “participative,” .. The course was very engaging, and the instructor’s interactive
« B Positive
Engagement engaging”} approach helped me stay focused.
Course Pacin {“too fast,” “overwhelming,” Neutral-to- I enjoyed the course, but the pace was too fast, making it hard to
8 “difficult to keep up”’} Negative keep up with the lessons.
Instructor « b . b s .. The material was quite challenging and sometimes difficult to follow,
Clarity {"clear” “well-explained,” “helpful”} Positive but the instructor was clear in their explanations.
Course Material {“difficult,” “complex,” “hard to Neutral-to- The course content was a bit overwhelming at times, especially the
Difficulty follow”} Negative amount of information we had to process each week.

To validate the accuracy of the initial clustering and tem-
plate generation, we conducted a cross-validation process with
three Ph.D. students. Each student manually reviewed the
initial clusters and templates, verifying the correct assignment
of keywords, sentiment markers, and thematic categories. They
also provided suggestions for refining templates to better
capture nuanced feedback. After incorporating their input, the
templates were reassessed for consistency and precision in
categorizing new feedback entries. This cross-validation en-
sured that the templates accurately represented the underlying
patterns in the feedback data, significantly improving their
quality and enhancing the effectiveness of the initialization
phase. As a result, the StuLAC framework is better equipped
to handle complex, multi-faceted feedback entries with high
precision.

C. Cache Matching

The cache matching phase ensures efficient and accurate
matching of new feedback entries to existing templates within
the StuLAC framework. Each incoming feedback entry is
first converted into a dense vector representation using sen-
tence embeddings, such as those generated by RoBERTa
[19]. RoBERTa, a robustly optimized variant of BERT, im-

proves upon the original BERT model by training on larger
datasets and using longer sequences, making it well-suited
for capturing the contextual nuances of feedback data. These
embeddings represent the semantic meaning of the feedback,
enabling similarity calculations with stored template embed-
dings.

To compute the similarity between a feedback entry f
and a template t, we calculate the cosine similarity [20],
[21] between their respective embeddings, v and v;. Cosine
similarity is given by:

V-V
VIVl

where v -v; is the dot product of the feedback and template
embeddings, and ||vs|| and |v,| are the magnitudes of the
feedback and template vectors, respectively. This measure
produces a similarity score ranging from -1 to 1, where a
higher score indicates greater similarity.

The Cache Matching Algorithm is outlined in Algorithm 1,
which computes the cosine similarity for each feedback entry
against all templates (Line 6), returning the classification result
or triggering a cache update if no match is found (Lines 12-
16). In detail, each feedback entry is compared against all

cosine_similarity(vy, v;) =

2
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existing templates based on a predefined similarity threshold
0 (Lines 5-11). If the cosine similarity between the feedback
entry f and an existing template t exceeds 6, the feedback is
classified under the corresponding template (Lines 7-13). For
instance, a feedback entry with a high similarity score to the
“Instructor Clarity” template would be categorized under that
theme. If no match is found, the feedback triggers the cache
update phase (Lines 14-15).

Algorithm 1 Cache Matching and Classification Algorithm

1: Input: Feedback entry f, set of templates T =
{t1,t2,...,t,}, threshold
Output: Classification of f or cache update trigger
Initialize max_similarity < 0
Initialize matched_template <— None
for each template t; € 7 do
Calculate similarity s; = cosine_similarity (v, vy, )
if s; > 0 and s; > max_similarity then
max_similarity < s;
matched_template < t;
end if
: end for
12: if matched_template is not None then
13: Return Classification of f under matched_template
14: else
15: Trigger Cache Update for f
16: end if

R AN A

—_ =
= e

To illustrate, consider the following examples of feedback
entries and their cosine similarity scores with two existing tem-
plates, "Instructor Clarity" and "Course Material Difficulty",
using a threshold 6 = 0.85: In the first example of Table II, the
feedback entry “The instructor explained concepts clearly and
effectively.” matches the “Instructor Clarity” template with a
similarity score of 0.90, which exceeds the threshold of 0.85,
and is classified under this template. In the second example,
the feedback entry “The material was hard to follow, very
complex, and overwhelming.” achieves a similarity score of
0.85 with the “Course Material Difficulty” template and is
matched accordingly. The third example, “The course was
engaging, but I struggled to keep up with the pace.”, scores
0.80 for “Instructor Clarity” and 0.75 for “Course Material
Difficulty”, neither of which meets the threshold, so it triggers
a cache update.

Through this cosine similarity-based matching process, the
StuLAC framework ensures efficient and accurate classifica-
tion of feedback. The cache updating mechanism further en-
sures that the system remains adaptable, continuously refining
templates to accommodate new patterns in student feedback.

D. Cache Updating

The cache updating phase is crucial for enabling the StuLAC
framework to evolve dynamically in response to new feedback
patterns. When an incoming feedback entry does not meet
the similarity threshold with existing templates, it triggers this
phase. During this phase, we utilize ChatGPT [22], specifically

the GPT-4-turbo model via OpenAI’s API', to generate new
templates or refine existing ones. This allows the system to
adapt and maintain high accuracy in feedback classification.

Furthermore, In-Context Learning (ICL) plays a critical
role in enhancing the adaptability of the StuLAC framework.
By providing ChatGPT with contextual examples from the
cache, ICL ensures that the generated templates are not only
distinct and relevant but also aligned with emerging feedback
patterns. This approach is crucial because it allows the model
to generate templates that reflect the specific context of the
unmatched feedback, avoiding redundancy and ensuring that
new templates complement the existing cache. Rather than
generating entirely new templates without any reference, Chat-
GPT is presented with the most similar existing template,
which guides it in producing more refined and contextually
informed templates. This process improves the specificity of
the templates, ensuring they address subtle nuances in the
feedback, and enhances their adaptability to a wide range
of feedback variations, ultimately improving the classification
accuracy.

To implement ICL, we create a prompt that incorporates
the most similar templates as context. When a feedback
entry is unmatched, the template with the highest similarity
(even below the threshold) is included in the prompt. This
context helps ChatGPT understand the feedback’s nuances and
generate a more appropriate template. The prompt structure is
as follows:

« Introduction: Briefly explain the purpose of generating
a new template.

o ICL Template: Include the most similar existing tem-
plate, specifying that the new template should address
different aspects.

« Feedback Entry: Present the unmatched feedback to
guide the generation of a new template.

For example, the following prompt might be used:

“Please generate a new template based on the following feedback.
The new template should capture aspects that differentiate it
from existing templates. The most similar template is: [Instructor
Clarity: Keywords - clear, understandable, well-explained]. New
feedback: ‘The instructor provided detailed explanations, but some
sections were hard to follow.” Generate a template that differenti-
ates from the existing ones.”

In addition to generating new templates, we also incorporate
a template merge detection mechanism to avoid redundancy
and improve cache efficiency. This process periodically checks
the similarity between existing templates. If two templates
have a similarity score above a merge threshold Operge, they are
flagged for merging. For instance, if the templates “Instruc-
tor Clarity” (keywords: {clear, well-explained, understand-
able}) and “Instructor Thoroughness” (keywords: {detailed,
thorough, comprehensive}) are highly similar, ChatGPT is
prompted to merge them into a single comprehensive template.
An example prompt for merging might be:

Ihttps://platform.openai.com/docs/introduction
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TABLE II: Cosine similarity matching of feedback entries to templates.

Feedback Entry

Instructor Clarity

Course Material Matching Result

(Similarity) Difficulty (Similarity)
The instructor explained concepts clearly and effectively. 0.90 0.35 Instructor Clarity
The material was hard to follow, very complex, and overwhelming. 0.40 0.85 Course Material Difficulty
The course was engaging, but I struggled to keep up with the pace. 0.80 0.75 Cache Update Triggered

“The following two templates have overlapping characteristics.
Please merge them into one template that captures both aspects.
Template 1: [Instructor Clarity: Keywords - clear, understandable,
well-explained]. Template 2: [Instructor Thoroughness: Keywords
- detailed, thorough, comprehensive]. Generate a merged template
that covers both aspects effectively.”

Table III illustrates the cache updating process, showing
both template generation and merging. In the first two rows,
ChatGPT generates new templates for unmatched feedback,
such as “Instructor Thoroughness with Complexity”, which
distinguishes itself by including the keyword "complex". In
the third row, templates for “Instructor Clarity” and “Instructor
Thoroughness” are merged into a more comprehensive tem-
plate “Instructor Clarity and Thoroughness”.

This cache updating process, which involves dynamic tem-
plate generation and merging, allows the StuLAC framework
to continuously adapt to new types of feedback while main-
taining an efficient and scalable cache structure. ICL and
contextually-guided prompt design ensure that the new tem-
plates complement the existing cache, reducing redundancy
and improving the overall accuracy and adaptability of the
system.

E. Feedback Summary Generation

After completing the feedback analysis, the StuLAC frame-
work generates a comprehensive feedback summary report
using ChatGPT. This report synthesizes key insights from
the feedback, such as classification statistics and sentiment
distribution, which are derived from the cache matching and
updating phases. This enables efficient generation of a high-
level overview, helping stakeholders quickly understand trends
in student feedback.

1) Classification Statistics and Sentiment Distribution: The
system categorizes feedback entries into predefined themes,
such as “Teaching Quality” and “Course Difficulty”, and
counts the number of entries in each category. Sentiment
analysis is then performed to classify the feedback as positive,
neutral, or negative. Rather than using a pre-trained model
like BERT, our system employs a hybrid language model
[23] combining RoBERTa and an Attention-based Bi-LSTM.
RoBERTa [19], an advanced variant of BERT [24], generates
contextual embeddings that capture the semantic meaning of
the feedback, while the Bi-LSTM [25] and Attention mecha-
nisms model long-range dependencies and selectively empha-
size relevant sentiment cues. This hybrid approach enhances
sentiment classification accuracy by effectively handling the
complexity of long and mixed-sentiment feedback, which is
common in student responses.

Specifically, each feedback entry is first processed by the
RoBERTa model to generate dense vector embeddings that
capture the context and key terms. The Bi-LSTM layer then

models the sequential dependencies in the feedback, while
the Attention mechanism highlights the most important as-
pects, improving sentiment classification precision. This multi-
layered approach enables the model to more accurately classify
feedback, even when it contains mixed sentiments or subtle
emotional nuances.

For example, a feedback entry like “The lecture was engag-
ing, though the pace was a bit fast.” is classified as positive
overall, despite the slight critique, due to the model’s ability
to focus on the predominant sentiment. Similarly, feedback
containing multiple sentiments, such as “The instructor was
clear, but some topics were confusing.” is classified using our
hierarchical matching approach, where the positive sentiment
(clear instructor) is assigned to the “Instructor Clarity” tem-
plate, and the negative sentiment (confusing topics) is mapped
to the “Course Content” template. The sentiment distribution
is then aggregated for each category to give an overview of
the overall student sentiment. This information serves as the
foundation for generating a summary report that accurately
reflects sentiment trends across feedback themes.

2) Prompt Design for ChatGPT Summary Generation:
To produce a coherent and informative summary, we design
a specific prompt that incorporates key statistical data from
the feedback analysis, including sentiment distribution and
category counts. Additionally, we include any new templates
generated during the cache updating phase to highlight the sys-
tem’s adaptability. The following steps outline how we extract
the necessary data and construct the prompt for ChatGPT:

« Extracting Sentiment Classification Results: Feedback
is classified into positive, neutral, or negative sentiment
using a hybrid language model that combines RoOBERTa
and an Attention-based Bi-LSTM. For each feedback
category, we calculate the percentage of entries assigned
to each sentiment class. For instance, in the “Teaching
Quality” category, out of 150 feedback entries, 82.7% of
the feedback might be classified as positive, 6.3% as neu-
tral, and 11.0% as negative. This sentiment distribution
is then incorporated into the prompt for generating the
feedback summary.

« Extracting Category Counts and Trends: We summa-
rize the total number of feedback entries in each category
to capture the primary areas of student concern. For ex-
ample, “Teaching Quality” have 150 entries, representing
30% of all feedback, while “Course Difficulty” have 80
entries, or 16% of the total. Additionally, we track any
notable changes in feedback volume, such as a 14.3%
increase in “Course Difficulty” feedback, which signals
a growing area of concern.

o Incorporating Cache Updating Information: When
new templates are generated during the cache updating
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TABLE III: Examples of cache updating with ChatGPT-generated and merged templates.

Unmatched Feedback / Template Pair

Cache Update Type

New/Refined Template

The instructor was thorough, but I struggled with
some complex sections.
The course content is relevant but lacks depth in
some areas, especially in the final project.

{Instructor Clarity, Instructor Thoroughness}

New Template Generation
New Template Generation

Template Merging

Instructor Thoroughness with Complexity (Keywords: detailed,
thorough, complex)
Material Depth and Project Relevance (Keywords: lacks depth,
superficial, needs expansion)
Instructor Clarity and Thoroughness (Keywords: clear, detailed,
understandable, comprehensive)

phase, we include information on the newly created
templates, such as “Online Interaction” or “Classroom
Engagement,” to reflect emerging feedback themes.

The prompt structure used to guide ChatGPT is as follows:

“Generate a summary report based on the following feedback
analysis results:

1. Teaching Quality: 150 feedback entries (30% of total), 82.7%
positive, 6.3% neutral, 11.0% negative. Key terms: clear, well-
organized, engaging.

2. Course Difficulty: 80 entries (16%), 68.2% positive, 13.6% neu-
tral, 18.2% negative. Key terms: difficult, complex, more support
needed.

3. New Templates: 5 new templates created, covering emerging
themes such as online interaction, classroom engagement, assess-
ment feedback, teaching methods, and course structure.

4. Trends: Compared to the previous quarter, feedback on course
difficulty increased by 14.3%.

Please summarize these findings, emphasizing the main concerns
of students and overall sentiment trends.”

This structure ensures that ChatGPT is provided with all
relevant statistical information needed to create a meaningful,
data-driven summary. Table IV presents an example of the
feedback summary generated by ChatGPT, based on the above
prompt. The report consolidates key feedback statistics into an
easy-to-read format for stakeholders.

Once ChatGPT generates the summary, it is reviewed for
accuracy and coherence by our experts. If any critical elements
are missing or if the phrasing is unclear, the prompt is refined
to ensure the summary accurately reflects the findings and
provides actionable insights. This structured approach enables
ChatGPT to generate detailed feedback summaries that effec-
tively communicate key insights and trends to stakeholders,
thereby facilitating data-driven decision-making in educational
contexts.

III. EMPIRICAL SETUP

In this section, we describe the empirical setup used to
evaluate the performance of the StuLAC framework. We
validate our model using a proprietary dataset collected from
our institution, which spans several years of student feedback
data. The evaluation focuses on two main aspects: (1) the
overall performance of the framework in terms of accuracy and
efficiency, and (2) the effectiveness of its components, such
as the accuracy of sentiment classification. The results from
this evaluation will demonstrate how the StuLAC framework
compares to traditional methods, highlighting its strengths
in processing large volumes of diverse and dynamic student
feedback data.

A. Dataset

Our dataset is sourced from the student information manage-
ment system of a large higher education institution, covering
a wide range of feedback entries collected from 2018 to
2024. The dataset consists of over 80,000 individual feedback
entries, providing a comprehensive representation of student
perspectives over several years. These feedback entries were
collected from various sources, including student interactions,
Q&A sessions, and formal course evaluations. This diversity in
data sources allows for a holistic view of student experiences
across different aspects of their educational journey, from
teaching quality to course content and learning environments.

Each feedback entry is rich in thematic variety and sen-
timent, with students offering insights on aspects such as
course structure, teaching effectiveness, material difficulty,
and overall satisfaction. The dataset includes feedback entries
of varying lengths, ranging from short comments to long,
detailed responses. These varying feedback lengths ensure
that our model can be tested on both simple and complex
sentences, enabling the evaluation of how well the system
handles different types of feedback. Furthermore, the diversity
of sentiments (positive, neutral, negative) expressed across
these entries helps us assess the accuracy and adaptability
of the StuLAC framework in classifying and categorizing
feedback. Table V presents a sample of feedback entries from
the dataset, showcasing a mix of short and long comments.
This dataset serves as a robust foundation for analyzing how
the StuLAC framework processes and synthesizes feedback,
providing valuable insights for improving teaching and learn-
ing experiences at the institution.

B. Research Questions

This paper mainly focuses on the following three research
questions and designs our experiments accordingly.

RQ1: How does the StuLAC framework perform in
generating feedback summaries?

To thoroughly assess the performance of the StuLAC frame-
work, we conducted evaluations focusing on the quality and
effectiveness of its Feedback Summary Generation component.
The accuracy and comprehensiveness of these summaries
were considered key indicators of the framework’s overall
performance in processing and synthesizing student feedback.
The evaluation specifically examined the quality of feedback
summaries across four criteria: Accuracy, Completeness,
Readability, and Language Fluency.

In detail, Accuracy assessed the extent to which the sum-
maries correctly captured the key points and sentiment trends
present in the original feedback data. Completeness evalu-
ated whether the summaries included all major themes and
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TABLE IV: The example of ChatGPT-generated feedback summary report.

Category

Summary Report

Teaching
Quality (Course:
Intro to Data
Science)

The “Introduction to Data Science” course received predominantly positive feedback regarding teaching quality, with 150 entries,
representing 30% of total feedback. A significant 82.7% of students praised the clarity and structure of lectures, noting terms
such as “clear”, “well-organized”, and “engaging”. However, 6.3% provided neutral feedback, indicating potential areas for further
refinement, and another 11% raised issues related to pacing. Suggested improvements include incorporating more visual aids and

practical examples to sustain engagement.

Course
Difficulty
(Course:
Advanced
Machine
Learning)

Students expressed challenges with the “Advanced Machine Learning” course, with 80 feedback entries (16% of total feedback)
highlighting the complexity of content. Of these, 68.2% provided positive feedback, recognizing the value of challenging material.
However, 13.6% were neutral, and another 18.2% expressed difficulty, particularly in understanding advanced concepts and
implementing algorithms. Key terms such as “difficult”, “complex”, and “steep learning curve” were frequently mentioned. To
address these concerns, it is recommended to introduce supplementary tutorials, offer additional office hours, and provide more
worked examples in the lectures. This category also saw a 14.3% increase in feedback entries from the previous quarter, suggesting

a growing need for enhanced support.

Assessment and
Feedback
(Course: Intro to
Programming)

In the “Introduction to Programming” course, 100 feedback entries (20% of total feedback) were related to assessment and feedback.
While 79.5% of students appreciated the regular assessments and detailed feedback, 8.6% provided neutral feedback, and 11.9%
mentioned delays in receiving grades and comments. Key terms included “helpful feedback”, “consistent assessments”, and “grade
delays”. To improve the experience, implementing automated grading for certain assignments and providing more timely feedback
would be beneficial.

New Template
Generation

During this analysis, students highlighted new themes in their feedback, prompting the creation of 5 additional templates to
address specific areas of interest such as “Online Interaction” and “Classroom Engagement”. Many students expressed a desire
for more interactive elements in online courses, emphasizing the importance of real-time engagement and collaborative activities.
Additionally, feedback on classroom participation reflected a need for improved in-class dynamics and more opportunities for active
involvement. These new templates will help ensure that future feedback on these aspects is accurately captured and categorized,
allowing for more targeted improvements in response to student needs.

TABLE V: Examples of student feedback entries.

Feedback Type

Example Feedback Entry

Short Feedback

The course material was relevant, but the instructor could have explained some concepts more clearly.
The teaching was clear and engaging, but the assignments were too difficult and time-consuming.

Long Feedback

I appreciate the effort the instructor put into the course, but I found some of the topics to be overly complex. The lectures moved
too quickly, and I often had trouble following along, especially when we moved on to more advanced topics without fully covering
the basics. I think that the pace needs to be slowed down, and perhaps we could have more examples during lectures to better
understand the concepts. Overall, I think the course content is valuable, but I would like to see improvements in the pacing and
more opportunities for interaction in class.

While the course materials were comprehensive and the instructor was clear, 1 found the difficulty level to be overwhelming. 1
appreciate the depth of the subject, but the assignments felt like they were designed for students with prior experience. More
support, such as additional tutorials or office hours, would be helpful. Moreover, I think the course could benefit from more
practical applications or real-world examples to better connect theoretical knowledge to real-life scenarios. Overall, the course
could be improved by balancing the difficulty with more accessible resources.

sentiments without omitting critical information. Readability
focused on how well the summaries could be understood,
emphasizing logical flow, sentence structure, and the organi-
zation of information, ensuring clarity for a general audience.
Language Fluency, on the other hand, examined the grammati-
cal correctness, stylistic appropriateness, and overall linguistic
polish of the summaries, assessing whether they adhered to
high standards of professional writing. While both criteria
address linguistic aspects, readability emphasizes accessibility
and clarity of content, whereas language fluency focuses on
adherence to formal writing conventions and error-free com-
position. This distinction is particularly important as feedback
summaries are a critical tool in teaching evaluation, directly
informing administrative and instructional decision-making.
Summaries that are linguistically polished not only enhance
credibility but also ensure that the insights are effectively
communicated to stakeholders such as faculty, administrators,
and policy-makers. These criteria provided a comprehensive
framework for assessing the quality of the summaries gener-
ated by the StuLAC framework.

We enlisted 10 human evaluators with expertise in educa-
tional assessment and sentiment analysis to rate each criterion
on a scale from 1 to 5, where higher scores indicate better
performance. Each evaluator independently reviewed sum-

maries generated for 100 randomly selected feedback samples,
providing scores for each of the four criteria. The overall
performance of the Feedback Summary Generation component
was determined by calculating two metrics: (1) the mean score
for each criterion across all evaluators, and (2) the total average
score across all evaluators and criteria. These metrics provided
a comprehensive assessment of the framework’s ability to
generate high-quality, informative, and linguistically coherent
summaries.

RQ2: How effective is the hybrid language model in
StuLLAC for sentiment and category distribution accuracy?

The hybrid language model employed in StuLAC, com-
bining RoBERTa with an Attention-based Bi-LSTM, plays a
pivotal role in accurately categorizing feedback and detecting
sentiment. To assess the performance of the StuLAC frame-
work in generating sentiment and category distributions, we
focused on five key feedback categories: Teaching Quality,
Course Difficulty, Assessment Feedback, Classroom En-
gagement, and Resource Availability. These categories were
chosen because they are commonly highlighted in student
feedback and encompass a diverse range of themes, allowing
us to test the model’s robustness in both sentiment detection
and categorization.

For each category, we analyzed the sentiment distribu-
tion—positive, neutral, and negative—by comparing the re-
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sults from the StuLAC-generated summaries with manually
compiled baseline statistics. This comparison allowed us to
assess the accuracy and reliability of StuLAC in capturing
sentiment trends. Furthermore, we calculated key performance

. _ TP+TN Qi —

me;I;CS such as accgr;cy = TPITN+FPIFN’ prqglslon H
_ ~ _ precision X reca

TP+FP° recall = TP+FN> and Fl-score = 2 x precision—+recall

for each category, providing a comprehensive evaluation of
the framework’s effectiveness, where T'P is true positives,
TN is true negatives, F'P is false positives, and F'N is false
negatives. These metrics were critical for understanding the
model’s ability to correctly classify feedback, minimize false
positives and negatives, and ensure comprehensive sentiment
representation across categories.

RQ3: Does the Feedback Summary Generation compo-
nent offer advantages in terms of efficiency and generation
time?

To evaluate the efficiency and scalability of the Feedback
Summary Generation component, we tested the generation
time across varying dataset sizes of 10,000, 20,000, and 50,000
entries. During the Initialization phase, we used 10% of the
dataset to construct the initial template library, enabling the
system to establish a foundational cache for more efficient
matching and updates in the subsequent phases.

IV. RESULTS AND ANALYSIS
A. Effectiveness of the StulLAC framework (RQI1)

To thoroughly evaluate the performance of the StuLAC
framework, we enlisted 10 human evaluators with expertise
in educational assessment and sentiment analysis. The evalua-
tors rated the summaries generated by StuLAC across four
criteria—accuracy, completeness, readability, and language
fluency—on a scale from 1 to 5, with higher scores indicat-
ing better performance. Each evaluator reviewed summaries
generated for 100 randomly selected feedback samples. The
overall performance was calculated as the mean score for each
criterion across all evaluators, along with the total average
score.

Additionally, to provide a benchmark, the evaluators also
assessed manually generated feedback reports created in recent
years using the same four criteria. This comparative analysis
allowed us to highlight the strengths and limitations of the
StuLAC framework relative to manual processes.

TABLE VI: Summary quality scores for StuLAC and manually
generated reports (scale: 1-5).

[ Accuracy [ Completeness | Readability | Language Fluency | Avg. Score

StuLAC /
Manual
4.45/4.05
4.65/ 4.15
4.53/3.95
4.63 /4.10
4.33/3.85
4.55 / 4.08
4.58 / 4.15
4.53/3.98
4.73 /430
4.53/4.10

4.55/4.07

Eval.
StuLAC Manual

4.4
4.7

StuLAC Manual

4.1
4.5

StuLAC Manual
4.6 42

StuLAC Manual

4.7 43
4.6
4.9
4.8

0NN U A W —
IS
o

9 4.7
10
Total
Avg.

As shown in Table VI, the total average score for summaries
generated by StuLAC (4.55) was significantly higher than
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that of manually generated reports (4.07), representing a
10.5% improvement in overall quality. StuLAC consistently
outperformed manual reports across all criteria. Specifically,
accuracy was rated 4.49 for StuLAC compared to 3.97 for
manual reports, reflecting an 11.6% improvement in capturing
key points and sentiment trends. Similarly, completeness,
readability, and language fluency saw improvements of 10.5%,
11.2%, and 8.9%, respectively. Evaluators noted that the au-
tomated summaries provided a more comprehensive coverage
of themes and subtopics, while manual reports often lacked
nuanced details due to time constraints.

In detail, the evaluators identified several key factors
contributing to the improvements observed in the StuLLAC-
generated summaries. First, manual reports require significant
expertise and time to produce, making it difficult to ensure
consistency and detail, especially under tight deadlines. In con-
trast, StuLAC utilizes a hybrid language model and a template-
based structure, which enhances the comprehensive coverage
and thematic accuracy of the summaries. This automated
approach not only increases the breadth of coverage but also
enhances precision, reducing the likelihood of overlooking
key themes—something that is often problematic in man-
ual summarization. Furthermore, the automation of sentiment
classification and feedback categorization through StuLAC
helps minimize human error, particularly in identifying subtle
nuances or mixed sentiments within the feedback.

Qualitative feedback from two evaluators revealed specific
strengths and areas for further improvement. Evaluator 3
highlighted the model’s ability to synthesize complex feed-
back into concise, actionable insights, particularly in areas
such as course pacing. They observed, “The summaries of
feedback on course pacing included detailed references to
specific challenges, which are often overlooked in manual
reports.” However, they also noted that the completeness of
the summaries could be enhanced by providing additional
contextual examples, especially in cases of nuanced feedback
that require further clarification. Evaluator 9, while praising
the fluency and coherence of the summaries, pointed out that
some of them tended to generalize themes without sufficiently
delving into specific student concerns. For example, while the
summaries on teaching quality were generally positive and
comprehensive, they could be further enriched by addressing
subtopics such as specific teaching techniques. This highlights
a continuing need for the model to improve the completeness
of its summaries by incorporating more contextual examples
and examining particular aspects of feedback in greater detail.
Future iterations should prioritize enhancing both complete-
ness and specificity to more accurately reflect the diversity
and nuance of student feedback.

# Answer to RQ1: StuLAC significantly outperformed manual
reports across all evaluation criteria, achieving a higher overall
quality score through more accurate, complete, and fluent sum-
maries; however, evaluators also recommended improving com-
pleteness by including more contextual examples and addressing
specific student concerns.
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B. Effectiveness of the Hybrid Language Model in StulAC
(RO2)

The performance of the hybrid language model within
the StuLAC framework in generating sentiment and category
distributions was assessed across five key feedback categories,
with accuracy, precision, recall, and Fl-score metrics used
to evaluate its effectiveness in feedback categorization and
sentiment detection. As shown in Table VII, the overall
accuracy across all categories was 86.4%, with the highest
performance observed in the Teaching Quality category, which
achieved an accuracy of 91%. In comparison, misclassifying
positive and neutral feedback as negative had a notable im-
pact on the quality of the generated summaries. Specifically,
such misclassifications can lead to a skewed representation
of feedback, affecting the accuracy of sentiment trends and
potentially overlooking key areas of concern. Despite these
challenges, the hybrid language model demonstrated impres-
sive performance, with only 6 out of 73 negative feedback
samples being incorrectly classified, yielding a classification
accuracy of 91.8%. This result outperforms several baseline
models presented in the literature [26], further demonstrating
the model’s robust ability to capture and accurately classify
sentiment.

However, slightly lower accuracy was observed in the
Resource Availability and Assessment Feedback categories,
with accuracy scores of 82% and 84%, respectively. These cat-
egories presented particular challenges, often involving feed-
back samples with informal language or ambiguous sentiment,
which posed difficulties for precise sentiment classification.
For example, in the Resource Availability category, some
feedback entries were vague or casually phrased, such as “The
resources are okay, but I think we could use more materials.”
While this comment has a generally positive tone, the vague
phrasing caused some challenges in categorizing the feedback
as either neutral or positive, resulting in a slight decrease in
precision and recall.

Similarly, in the Assessment Feedback category, some feed-
back entries had mixed sentiments or subtle language that
made them difficult to classify accurately. For instance, “The
feedback on assignments is helpful, but I wish it was more
timely.” contains both positive sentiment about the feedback’s
usefulness and negative sentiment about its timeliness. Al-
though the coarse and fine classification process effectively
divided these sentiments into two parts, the subtlety of the
wording occasionally caused misclassifications. This resulted
in some negative sentiments being underrepresented, leading
to a small decrease in accuracy compared to the baseline.

These challenges illustrate that student feedback, unlike
more structured critiques such as movie reviews, often contains
informal, ambiguous, or indirect language that can be difficult
for models to categorize accurately. Feedback is more conver-
sational, and often lacks the explicitness found in professional
reviews, making it harder to classify sentiments with high
precision. This hybrid approach enables the model to more
accurately detect nuanced sentiments, improving the over-

all sentiment classification accuracy and ensuring a higher-
quality representation of feedback. As a result, the StuLAC
framework’s performance is significantly enhanced in handling
informal and complex feedback, leading to more accurate and
reliable sentiment and category classification.

# Answer to RQ2: The hybrid language model in StuLAC
outperformed baseline models, particularly in detecting nuanced
feedback; however, it faced challenges in accurately classifying
informal or ambiguous sentiments, especially within the Resource
Availability and Assessment Feedback categories.

C. Evaluation of Efficiency and Generation Time (RQ3)

The average generation time for processing each dataset size
was recorded, as shown in Table VIII. In addition to generation
time, we also evaluated the number of templates generated and
the processing time per entry for each dataset size.

The results reveal a significant, non-linear increase in gen-
eration time as the dataset size grows. For instance, processing
10,000 entries took 576 seconds, while processing 20,000
entries required 1172 seconds—2.03 times longer than the
initial dataset. For the largest dataset of 50,000 entries, the
generation time increased to 3590 seconds, which is 6.23
times longer than the time required for the initial dataset,
demonstrating the increasing complexity as the dataset size
expands.

However, the number of templates generated follows an
opposite trend. For 10,000 entries, 36 templates were gen-
erated, whereas for the largest dataset of 50,000 entries, only
77 templates were created. This difference can be attributed
to the efficiency of the cache matching phase. As the dataset
grows, the initial templates already capture the majority of
feedback patterns, reducing the need for new templates. The
system’s ability to effectively reuse existing templates leads
to fewer new templates being generated, even as the data
volume increases. This highlights the efficiency of the StuLAC
framework in reusing templates and adapting to new feedback
patterns without significant increases in template generation.

# Answer to RQ3: StuLAC demonstrates strong efficiency in
feedback summarization, with generation time increasing non-
linearly with dataset size, while the number of new templates
grows modestly due to effective template reuse—highlighting the
system’s scalability and adaptability to larger datasets.

V. CONCLUSION

This paper introduced StuLAC, a Software Engineering-
driven framework for scalable student feedback analysis us-
ing LLMs with Adaptive Template-Based Caching. Empir-
ical results on 80,000 student feedback entries demonstrate
that StuLAC-generated summaries improve overall quality by
10.5% compared to manually generated reports, while also
achieving faster processing times. Additionally, StuLAC at-
tains an 86.4% accuracy and an 86.24% F1-score in sentiment
detection. These results establish StuLAC as a robust, efficient,
and adaptive solution for educational feedback systems.
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TABLE VII: Sentiment and category distribution accuracy by template category.

Category Positive Neutral Negative Accuracy Precision Recall Fl-score
Teaching Quality 78 (Generated) 12 (Generated) 10 (Generated) 0.91 0.92 0.89 0.905
80 (Baseline) 10 (Baseline) 10 (Baseline) - - -
. 38 (Generated) 30 (Generated) 32 (Generated) 0.88 0.86 0.88 0.869
Course Difficulty 40 (Baseline) 30 (Baseline) 30 (Baseline) ; } -
70 (Generated) 23 (Generated) 7 (Generated) 0.84 0.85 0.83 0.839
Assessment Feedback " g oline) 20 (Baseline) 8 (Baseline) y ) -
Classroom Engagement 65 (Generated) 22 (Generated) 13 (Generated) 0.87 0.89 0.85 0.870
o 68 (Baseline) 20 (Baseline) 12 (Baseline) - - -
Resource Availability 60 (Generated) 25 (Generated) 15 (Generated) 0.82 0.84 0.81 0.825
’ 62 (Baseline) 25 (Baseline) 13 (Baseline) - - -
Overall - - - 86.4% 87.2% 85.3% 86.24 %

TABLE VIII: Feedback summary generation time and perfor-
mance metrics.

Dat'aset Average Generation Templates Processing Time
Size Time ( d per Entry
(entries) ime (seconds) Generated (seconds)
10,000 576 36 0.0640
20,000 1172 49 0.0651
50,000 3590 77 0.0798

Future work will focus on integrating real-time feedback vi-
sualization dashboards, enhancing multilingual feedback sup-
port, and deploying StuLAC in large-scale academic institu-
tions. By bridging Software Engineering and Al-driven NLP,
StuLAC contributes to the evolution of scalable, automated
educational assessment methodologies.
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