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OZET

NLP KULLANARAK OGRENCIi ANKETLERINDEN
ANLAMLI BILGILER CIKARMAK

Bu tez, donem sonu anketleri aracilifiyla toplanan iki dilli 6grenci geri
bildirimlerini analiz etmek ve oOzetlemek i¢in NLP tekniklerini uyguladi.
Ingilizce ve Tiirkce dillerinde agik uglu yanitlar iceren veri kiimesi, diller arasi
dilsel niianslar1 koruyabilen bir modele ihtiya¢ duymustu. Metin iiretimi igin
0zel olarak egitilmis Llama 2-7b-hf modeli, tutarli ve baglamsal olarak uygun
Ozetler tiretebilme yetenegi nedeniyle secilmisti. Veri 6n isleme agamasi, boliim,
donem, ders ad1 ve sube numarasi gibi iistverileri diizenlemeyi, yorumlari kelime
sayilarina gore ayirmayi ve gizliligi saglamak i¢in kisisel kimlik bilgilerini
kaldirmay1 icermekteydi. On kelimeden kisa yorumlar, Transformers
kiitiiphanesinden bir ardisik diizen kullanilarak gruplandirilip 6zetlenirken, daha
uzun yorumlar ayrintili 6zetleme icin iistveri odakli istemlerle ince ayar
yapilmisti. Analizi daha da gelistirmek amaciyla, “cardiffnlp/twitter-roberta-
base-sentiment” modeli kullanilarak duygu siiflandirmas: gerceklestirilmis ve
geri bildirimler olumsuz, tarafsiz ve olumlu olmak iizere ii¢ farkli kategoriye
ayrilmisti. Degerlendirme metrikleri arasinda uzman incelemeleri, baglamsal
uygunluk ve veri kiimesinin duygu dagilimiyla mantiksal tutarlilik yer almusti.
Onceki modellere kiyasla, Llama 2 modeli, yorumlarmn genel niyetini ve tonunu
koruyarak daha eksiksiz ve tutarli Ozetler Uretmede {istiin performans
sergilemisti. Sonug olarak, bu arastirma, LLM'lerin ¢ok dilli egitim verilerini
islemedeki etkinligini ve ders icerigini gelistirmek i¢in uygulanabilir i¢goriiler
saglamadaki potansiyelini net bir sekilde vurgulamisti. Bu ¢aligmanin sonuglari,
gelecekteki arastirmalar icin de yol gosterici olacakti.

Anahtar Kelimeler: NLP, Llama 2, Anket, Ozetleme, Uretken Al
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ABSTRACT

EXTRACTING MEANINGFUL INFORMATION STUDENT
SURVEYS WITH NLP

This thesis applied NLP techniques to analyze and summarize bilingual
student feedback collected via end-of-semester surveys. The dataset, which
contained open-ended responses in both English and Turkish, required a model
adept at preserving linguistic nuances across languages. The Llama 2-7b-hf
model, which had been trained explicitly for text generation, was selected for its
capability to produce coherent and contextually relevant summaries. Data
preprocessing involved organizing metadata such as department, semester,
course name, and section number, segregating comments by word count, and
removing personal identifiers to ensure privacy. Shorter comments (fewer than
ten words) were grouped and summarized using a pipeline from the
Transformers library, while longer comments were fine-tuned with metadata-
specific prompts for detailed summarization. To further enhance analysis,
sentiment classification was performed using the “cardiffnlp/twitter-roberta-
base-sentiment” model, categorizing feedback into negative, neutral, and
positive sentiments. Evaluation metrics included expert reviews, contextual
relevance, and logical consistency with the dataset’s sentiment distribution.
Compared to previous models, the Llama 2 model demonstrated superior
performance in generating complete, coherent summaries while preserving the
overall intent and tone of the comments. Ultimately, this research highlighted the
effectiveness of LLMs in processing multilingual educational data and their
potential to provide actionable insights for improving course content and student
experiences.

Keywords: NLP, Llama 2, Survey, Summarization, Multilingual Analysis
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CHAPTER 1

1. INTRODUCTION

1.1 BACKGROUND

Educational surveys play a significant role in capturing students’
perspectives on teaching quality, course content, and comprehension. Such
surveys, conducted systematically across academic institutions, generate vast
amounts of valuable feedback and insights (Bhargavi, n.d.). However, analyzing
open-ended responses remains a significant challenge due to their unstructured
nature and language diversity. Unorganized data from open-ended surveys can
be problematic to process without appropriate tools (Jordan, 2011). In addition,
the attempt to sort and categorize open-ended data is significant and requires

careful consideration and time management (Alchemer, n.d.).

1.2 PROBLEM STATEMENT

Open-ended survey responses have the potential to give rich feedback but
also face challenging obstacles such as their unorganized structure and
multilingual diversity. Manual analysis is often illogical to use especially since
traditional methods like manual coding and statistical techniques often struggle
to handle qualitative data in large datasets. The unstructured attributes of open-
ended responses require significant effort to sort, categorize, and process which
makes manual analysis time-consuming and prone to more inconsistencies
(Alchemer, n.d.). Traditional methods for qualitative analysis rely heavily on
resources which leads to the development of rapid qualitative approaches to
address such challenges (Nevedal et al., 2021). Moreover, the multilingual
diversity of responses creates complexities, as language nuances affect the

overall accuracy of manual coding and statistical analysis. These limitations



underscore the need for automated, natural language processing (NLP)-driven
approaches that can effectively process unordered data, handle multilingual

diversity, and extract actionable insights from open-ended survey responses.

1.3 SIGNIFICANCE OF THE STUDY

This research is motivated by the need to transform large-scale,
unstructured survey data into actionable insights efficiently. The study leverages
recent advancements in NLP, particularly Large Language Models (LLM), to
analyze and summarize open-ended responses, thereby assisting educators in
making data-driven improvements to teaching practices. By utilizing NLP
methods, institutions can gain a deeper understanding of student experiences and
identify areas critical for intervention and improvement. (Wang et al., 2024)
LLMs not only excel at understanding the semantic context of the survey
responses but also offer the scalability required to handle large datasets,
empowering educators to make data-driven decisions. (Katz et al., n.d.)
Automating the process of analyzing open-ended student feedback enables
instructors to focus on implementing changes that will directly impact learning
outcomes and foster an evidence-based approach to education. (Kastrati et al.,

2021)

1.4 RESEARCH OBJECTIVES

The fundamental aim of this research is to develop and evaluate advanced
methodologies for analyzing open-ended student survey responses. Specifically,
this study seeks to:

e Preprocess and organize large-scale, multilingual survey data and ensure
it is structured for effective analysis and reduce noise in the dataset.

e Utilize advanced NLP techniques including Sentiment Analysis (SA) and
summarization in extracting meaningful insights from the unorganized

textual data.



e Compare the differences between traditional analysis techniques with
modern LLMs in summarizing and open-ended survey responses, further
highlighting the advantages and limitations of each approach.

o Assessing the effectiveness of automated methods in identifying
actionable insights that can inform instructors and improve course
content quality.

e Explore the potential of NLP models in handling the challenges posed by
the multilingual nature of survey response to ensure inclusivity and

comprehensive feedback analysis.

1.5 SCOPE OF THE STUDY

Spanning three years of data (Spring 2021 to Spring 2024), this research
employs advanced NLP methodologies to analyze and summarize open-ended

survey responses, focusing on English and Turkish inputs.

1.6 STRUCTURE

This thesis is organized as mentioned below:

e Chapter 2 reviews the relevant literature, including traditional survey
analysis techniques and the role of NLP.

e Chapter 3 outlines the proposed methodology, including data
preprocessing, NLP techniques, and tools used.

e Chapter 4 presents the previous experimental attempts, results, and their
analysis.

e Chapter 5 compares the results with baseline techniques and discusses
the findings.

e Chapter 6 concludes the study and provides suggestions for future work.



CHAPTER 2

2. LITERATURE REVIEW

2.1 THE ROLE OF NLP IN SURVEY ANALYSIS

This section will discuss a brief introduction to NLP and its applications,
have an overview of survey analysis and reasons why it’s needed in education,
and talk about the challenges of extracting meaningful information from open-

ended survey responses.
2.1.1 Bried Introduction to the Applications of NLP

NLP is a subfield of Artificial Intelligence (Al) focusing on the interaction
between human language and computers, helping machines to comprehend,
annotate, and process textual data efficiently and practically. Among the wide
variety of NLP applications, machine translation, SA, text summarization,
information extraction, and even conversational such as chatbots can be pointed
out. In survey analysis, NLP applications such as SA can automatically
determine the sentiment behind open-ended responses, categorizing them as
positive, negative, or neutral (SurveyMonkey, n.d.). Recently, the development
of LLMs, which are an important technique in NLP, has changed the scene in the

ability to process large-scale volumes of unregulated textual data.

2.1.2 An Overview of the Use and Importance of Survey Analysis in

Education

The role of Survey Analysis in education is crucial in gathering
information about students’ learning experiences, course content quality and
monitoring teaching efficiency. Institutions tend to rely on surveys to find areas
of improvement, make enhancements based on data-driven metrics, and measure

overall student satisfaction. Both open-ended and close-ended responses offer



valuable insights with the former focusing on deeper and qualitative feedback
portraying students’ sentiments and suggestions while the latter provides
statistical information. For example, an analysis of student feedback through
surveys, as highlighted by (Parker et al., 2023), identified specific areas in the
curriculum that required enhancement, leading to improved educational

outcomes.

2.1.3 The Challenges of Extracting Meaningful Information from Open-
Ended Responses

The complexity and diversity of open-ended survey responses, present
significant challenges despite their value. Student responses include various
formal and informal language, different sentence structures, and multilingual
content, making the manual analysis task extremely time-consuming and
inefficient. Hence, extracting meaningful patterns from such unorganized data
requires techniques that can handle sarcasm, and refined sentiments, such as
ambivalence, where a respondent expresses both positive and negative feelings
in a single response, which can complicate the analysis. Contextual variations,
like cultural differences in expressing feedback, can also lead to
misinterpretation if not properly accounted for. Traditional methods like manual
coding fail to present an equal output in large-scale surveys, bringing the need

for automated approaches to the surface.
2.1.4 The Significance of Using NLP when Analyzing Student Surveys

Applying NLP to student surveys is a great approach for automated and
extensible open-ended responses. Other NLP techniques such as SA and text
summarization can extract valuable information from qualitative data allowing
institutions to track repeating issues, elevate course quality, and increase the
overall student experience. With the assistance of LLMs, NLP can find
contextual nuances, handle multilingual responses, and create a deeper
comprehendible understanding of the students’ feedback. This research

demonstrates the ways NLP-based methods will bridge the gap between



unstructured survey data and the insights that will lead to data-driven decisions

for educational services.

2.2 SURVEY RESULT ANALYSIS TECHNIQUES

This section discusses the techniques used to analyze survey results,
highlighting their benefits and limitations, as well as the importance of adapting

more advanced methods.
2.2.1 Traditional Methods

Traditional methods depend heavily on manual coding and statistical
methods to process responses. Manual coding involves researchers reading
through every response and assigning categories or themes. This process is both
time-consuming and prone to human error. While statistical methods like
frequency analysis and regression models are efficient for handling numerical
and closed-ended questions, manual coding focuses on understanding the
meaning of individual responses. Statistical methods tend to fail to analyze open-
ended survey responses and qualitative data, and manual coding will be
problematic if practiced on large datasets overall, while these approaches
provide considerable results, the limitations become visible moreover as datasets
grow in both complexity and size. Manual coding of open-ended survey
responses is widely recognized as time-consuming, resource-intensive, and
prone to human error. For instance, (Dovetail Editorial Team, n.d.) highlights
that manual coding can be "time-intensive, verging on painful," and lacks
scalability, making it impractical for large datasets. Additionally, (Widmer, n.d.)
notes that verbatim coding is "a tedious and time-consuming process, prone to
mistakes and human biases if not handled carefully." Traditional statistical
methods often fall short of capturing the nuanced sentiments expressed in open-
ended responses. As noted by (Thematic, n.d.), SA uses Al to analyze large

volumes of text to determine whether it expresses a positive, negative, or neutral



sentiment, highlighting the limitations of conventional statistical approaches in

this context.
2.2.2 Automated Methods

To address the limitations caused by the traditional approaches, automated
methods were called into action. Initially, automated approaches included rule-
based methods using them to match keywords, extract the SA, and categorize
responses. Then there are classical machine learning techniques like Support
Vector Machines (SVM) and Naive Bayes classifiers which automate the tasks
of SA and summarization. For instance, Naive Bayes classifiers have been
effectively applied in SA tasks involving datasets like the IMDB movie reviews
dataset, where it achieved accuracy rates of around 81% for binary sentiment
classification tasks (Pang et al., n.d.). This method's reliance on probabilistic
principles enables it to handle text classification efficiently when the
independence assumption approximately holds, though it may struggle with
more complex dependencies between features.

Similarly, Support Vector Machines (SVM) have shown strong
performance in text classification tasks, particularly when combined with the
Bag-of-Words model for feature representation. An example is the application of
SVM on the Twitter SA Dataset, achieving an F1 score of 84% for sentiment
classification (Go, Bhayani, & Huang, n.d.). SVM's ability to maximize the
margin between classes allows for robust generalization, though it can be
computationally intensive for larger datasets. They have proven to be successful
when applied to classify survey responses into predefined categories, integrating
the analysis process. By learning the patterns from labeled data, such models
overturned previously mentioned rule-based systems. Although they may
struggle with multilingual data and often require extensive preprocessing and
still fail to capture slightly different meanings, leading to suboptimal
performance. Machine learning techniques still need crucial preprocessing,
labeled datasets, and feature engineering even though they have improved

accuracy and scalability. Still, when it came to dealing with unorganized and



instructed responses that were multilingual and had nuanced sentiments, their

performances were faulty.
2.2.3 The Requirement for More Advanced Technique

An impending need for more advanced methods arises with the increasing
volume of survey data and the growing complexity of open-ended responses.
Hence, the advancements in NLP and LLMs have made revolutionary
modifications to how textual data can be both analyzed and summarized. With
classical machine learning techniques and traditional methods being the
groundwork for survey result analysis, this research aims to build upon such
methodologies using state-of-the-art NLP techniques, mainly LLMs, to extract
meaningful information from open-ended surveys efficiently, facing challenges
like multilingual data, contextual nuances, and both short and long-formed
responses. The inability of classical methods to effectively handle complex
language structures and contextual meanings underscores the need for LLMs,

which can comprehend and analyze text with greater sophistication.

2.3 THE USE OF LARGE LANGUAGE MODELS IN TEXT ANALYSIS

This section will examine LLMs, highlighting their strengths in text
generation and summarization, comparing fine-tuned models with pre-trained
models, and addressing the challenges associated with their practical

implementations.
2.3.1 Introduction to LLMs

LLMs, as noted by (Touvron et al., 2023), represent a significant
advancement in NLP due to their ability to process vast datasets and excel in
tasks like text generation, translation, and question answering. They capture
intricate linguistic patterns and have been highlighted as promising tools for
aspect-based summarization, building on insights from prior research. These

models are trained on vast quantities of text data and have achieved remarkable



performance on a range of NLP tasks, including text classification, question
answering, and machine translation (Hoffmann et al., 2022; Yang et al., n.d.).
The model size and the number of training tokens are two crucial parameters to
choose when influencing an LLM’s performance and the procedure to train it.
Other important factors include learning rate, learning rate schedule, batch size,
optimizer, and width-to-depth ratio (Hoffmann et al., 2022). Larger models
trained on extensive datasets tend to exhibit superior language understanding

capabilities.
2.3.2 The Strength of LLMs in Text Analysis

One of the leading strengths of LLMs is their capability to create context-
based and coherent text. For example, Bidirectional Encoder Representations
from Transformers (BERT)-based models perform well when working with
nuanced contextual relationships in a text while Generative Pre-trained
Transformer (GPT)-based models work better creating more detailed and fluent
summaries out of unorganized input (Brown et al., 2020; Devlin et al., n.d.).
LLMs can provide an unmatched advantage when working in the field of survey
analysis since they can distinguish unorderly sentiments and generate compact
summaries from open-ended responses (Conneau et al., 2019; Y. Liu et al.,
2019). Such models will reduce the dependency on manual preprocessing
because they can work efficiently with raw and unstructured data. This gives
them the upper hand when working with summarization and SA tasks (Radford
et al., n.d.; Raffel et al., 2019). In educational survey analysis, LLMs have
demonstrated the ability to accurately interpret complex student feedback,
outperforming traditional methods like thematic analysis and sentiment

detection (Parker et al., 2023).



2.3.3 Pre-Training and Fine-Tuning the Models

Pre-trained models, while trained on large-scale corpora, may lack the
domain-specific precision required for educational surveys, potentially, missing
important context-dependent nuances. To address this, they undergo fine-tuning
of smaller, task-specific datasets, optimizing them for applications such as text
classification or question answering, for example, models like GPT-4 are
designed to handle various tasks due to their broad training data, but without
fine-tuning, they lack domain-specific expertise, making them less suitable for
education surveys (Brown et al., 2020). However, fine-tuning allows these
models to adapt to specialized fields. BERT, for instance, can be fine-tuned for
SA using labeled datasets, enabling it to capture domain-relevant sentiments

more effectively. (Devlin et al., n.d.).
2.3.4 The Challenges of Working with LLMs

LLMs, while being powerful, are challenging to work with. One notable
obstacle is the computational cost that comes with training and inference (Brown
etal., 2020). Another barrier is the fine-tuning which needs labeled data, expertly
specific domain, and hyperparameter tuning to provide an optimal performance
as a result (Devlin et al., n.d.). LLMs might sometimes create incoherent or
inconsistent results when processing ambiguous and disorderly text which
increases suspicions of their reliability on the outputs for important applications
such as survey analysis (Leivada et al., 2023). There is also the matter of bias in
LLMs which stems from the biases in their training data that create some ethical
challenges in analyzing sensitive information like student feedback (Nozza et
al., 2020; Wiedemann et al., 2019). Strategies to mitigate LLM limitations
include domain adaptation, where models are fine-tuned on domain-specific
data, and implementing model interpretability techniques to understand and

rectify biases.

10



2.3.5 Reasons to Switch to LLMs

The transition to LLMs becomes vital when the limitations of traditional
and classical machine learning models become more apparent. In survey analysis
methodologies, such models show great progress in scalability, contextual
understanding, and multilingual capabilities which exceeds the abilities of their
predecessors (Minaee et al., 2024). Furthermore, the benefits of LLMs in
summarizing and analyzing vast, open-ended survey data efficiently, make them
indispensable in this research (Fine-Tuning Large Language Models: Future
Trends and Challenges, n.d.). Adopting LLMs can lead to improved accuracy in
text analysis, reducing the need for extensive preprocessing and enabling more

efficient handling of complex language structures.

24 CHALLENGES IN EXTRACTING INFORMATION FROM
EDUCATION SURVEYS

This section discusses the challenges of raw data, including multilingual
comments, varying response lengths, and personal information. It also explores
techniques for addressing these issues, such as preprocessing steps, and

highlights the gaps this research aims to fill.
2.4.1 Reasons to Switch to LLMs

Raw data in open-ended surveys will include multilingual comments
causing challenges for models working with monolingual datasets (Conneau et
al., 2019). Surveys that have responses in multiple languages pose a challenge
for analysis, as direct translations may not capture the original sentiment or
cultural context accurately. Short responses may lack sufficient context while
long responses on the other hand often need summarization before key insight
extraction (Devlin et al., n.d.). Also, survey data might heedlessly include

personal information that necessitates precise preprocessing steps to ensure

11



assent with data protection regulations like the General Data Protection

Regulation (GDPR) (Voigt & Bussche, 2017).
2.4.2 Techniques to Handle the Complications

When addressing these challenges, preprocessing techniques like
tokenization, lemmatization, and language identification are applied to
normalize and clean out the data (Manning et al., 2008). More advanced methods
like multilingual embeddings and translation models have been arranged to
bridge the gap between comments in different languages (Conneau & Lample,
2019). Preprocessing tools such as spaCy and Natural Language Toolkit
(NLTK), are commonly used for tasks such as tokenization and language

identification, facilitating the preparation of textual data for analysis.
2.4.3 Gaps in this Literature

Despite the existing research exploring SA and summarization
individually, there is still a lack of integrated approaches that combine such
techniques to analyze open-ended survey responses efficiently (Raffel et al.,
2019). This study approaches this gap by asserting fine-tuned LLMs for SA and
summarization, providing a comprehensive analysis of survey data, and
integrating SA and summarization techniques to provide a more comprehensive
understanding of survey responses compared to previous studies that may have

addressed these aspects in isolation.

25 THE ROLE OF SENTIMENT ANALYSIS IN SURVEY
INTERPRETATION

SA has become a pivotal tool in deciphering the subjective nuances in

survey data and allows organizations to transform qualitative feedback into

actionable insights. This section discusses the aid of SA in this research.
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2.5.1 Understanding Sentiment Analysis

Often known as "Opinion Mining", SA contains the computational study
of people's emotions, opinions, and sentiments expressed in a particular text
aiming to reach the goal of extracting subjective information from source
materials (Tejwani, 2014). SA plays a crucial role in understanding the emotional
tone of data, which can provide organizations and researchers with actionable
insights into public opinion or user satisfaction.

The methodology involves various steps, such as preprocessing text data,
feature extraction, and classification into sentiment categories like positive,
negative, or neutral. Advanced SA incorporates techniques like deep learning,
aspect-based SA, and hybrid approaches that combine machine learning and
lexicon-based strategies to improve accuracy (Pang & Lee, 2008).

In addition to its computational benefits, SA has found extensive
applications across industries, enabling better customer experience management,
political campaign analysis, and decision-making processes in education,
healthcare, and retail. It has become an indispensable tool for translating

qualitative feedback into measurable and actionable insights (B. Liu, 2012).
2.5.2 Importance of its Usage in Survey Data

It enables organizations to systematically assess subjective feedback and
transform qualitative opinions into quantifiable data that can inform strategic
decisions. Institutions can use it to identify prominent emotions and attitudes,
facilitating targeted improvements in services or products. This analytic
approach enhances the understanding of customer or employee satisfaction
levels, supporting the development of more effective engagement strategies

(Qualtrics, n.d.).
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2.5.3 Techniques and Approaches

There are many methodologies in SA such as lexicon-based approaches,
Machine Learning (ML) techniques, and hybrid models which have been
developed to perform SA efficiently (Upadhye, 2022). Various methodologies
have been developed to perform SA efficiently, including lexicon-based
approaches, machine-learning techniques, and hybrid models. Lexicon-based
methods utilize predefined dictionaries of sentiment-laden words to evaluate
text, while machine learning techniques involve training algorithms on labeled
datasets to recognize sentiment patterns. Hybrid models combine both
approaches to enhance accuracy and adaptability across different contexts

(Blyakhman, n.d.).
2.5.4 Challenges in Sentiment Analysis

SA still faces multiple challenges such as context interpretation, sarcasm
detection, and handling domain-specific language despite its advantages
(Narayanan Venkit et al., n.d.). The complexity of human emotions, language
nuances, and cultural differences further complicate the analysis, often leading
to misclassification of sentiments. Additionally, the presence of ambiguous
language and the need to adapt models to various industries and multilingual

data add layers of difficulty to achieving precise SA (Determ, n.d.).
2.5.5 Applications in Educational Surveys

SA has been applied to student surveys to estimate the sentiments towards
courses and instructors, enhance teaching strategies, and provide valuable
insight for academic improvements (Jiménez et al., n.d.). This application aids
in enhancing teaching strategies and provides valuable insights for academic
improvements. By analyzing qualitative feedback, educational institutions can
identify areas of concern, adapt curricula, and improve overall student

satisfaction (Dake & Gyimah, 2022).
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2.5.6 Combining Sentiment Analysis with Other NLP Techniques

Research shows that when SA integrates with aspect-based analysis, it will
allow for a more nuanced understanding of specific elements within survey
responses, enhancing the depth of insights gained (Yadav et al., 2020). This
combination enhances the depth of insights gained, enabling organizations to
pinpoint particular aspects that elicit positive or negative sentiments. Such
detailed analysis supports more targeted interventions and improvements (Mello

et al., 2022).
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2.6 MODELS AND FRAMEWORK COMPARISON

The table below provides a comparison of the framework and models used

in this research.

Table 2.1 Comparing the Framework and Models

Feature Keras BERT GPT-2 Llama 2-7b-hf

Type Framework for Transformer-based Transformer-based Transformer-
building deep model for Natural generative language | based generative
learning models Language model model

Understanding
(NLU)

Primary Purpose Facilitate easy -SA - Text generation - Text generation
development and - Question - Text completion - Conversational
experimentation of answering - Creative writing Al
neural networks - Classification

Architecture Supports various Bidirectional Autoregressive Autoregressive
architectures: Transformer Transformer Transformer
-CNN
- RNN
- Transformers

Training Data

Depends on user

Pretrained on a vast

Pretrained on a

Pretrained on an

input corpus of text large-scale, diverse extensive dataset
including books and | internet text corpus of publicly
Wikipedia available internet
text
Use cases - Vision -SA - Chatbots - Chatbots
- Speech - Named Entity - Creative writing - Summarization
- Text-related Recognition (NER) - Interactive - Document
- Translation storytelling generation
- Multilingual
understanding
Advantages - Simple API - Bidirectional - Powerful text - Multilingual
- Supports multiple context generation support
backend frameworks | understanding - Large-scale - State-of-the-art
- Strong pretraining pretraining performance
- Open access for
fine-tuning
Limitations Requires user Limited for Less efficient for - Requires
expertise for optimal | generative tasks bidirectional context | significant
performance understanding computational
resources
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2.7 SUMMARY AND RESEARCH GAP

This section will summarize the key insights from previous sections,
highlight the gap this research aims to fill, and explain how the methodology
addresses this gap.

2.7.1 Summary of Key Insights

As mentioned before, existing approaches to survey analysis still face
challenges with raw data, including multilingual comments, different response
lengths, and potential privacy concerns requiring extensive preprocessing
(Conneau et al., 2019; Voigt & Bussche, 2017). Recent techniques often
approach SA and summarization separately, leaving a gap in unified methods
able to handle the complexity of vast and large-scale, open-ended survey data

(Raftel et al., 2019).
2.7.2 Stating the Research Gap

By applying fine-tuned LLMs specifically designed for multilingual
survey summarization, a critical gap has been addressed in an area that has

received limited attention in the literature (Devlin et al., n.d.).
2.7.3 Proposing the Methodology

The method aims to provide accurate, context-aware insights from
compound survey data by integrating preprocessing techniques with fine-tuned
LLMs, setting the stage for detailed discussions in Chapter 3. The methodology
bridges the gap by leveraging state-of-the-art LLMs, fine-tuned on multilingual
and domain-specific datasets to perform SA and summarization synchronously

(Conneau & Lample, 2019; Raffel et al., 2019).
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CHAPTER 3

3. PROPOSED METHODOLOGY

3.1 RESEARCH DESIGN

This research aims to analyze open-ended survey responses to extract
meaningful information and sentiment. Its exploratory nature allowed for the
refinement of methods, while the experimental design validated the effectiveness

of the chosen approaches.

3.2 MODEL SELECTION AND FINE-TUNING

The model used in this study is the Large Language Model Meta Al
(Llama) 2-7b-hf model which is trained explicitly for text generation (Meta-
Llama/Llama-2-7b-Hf - Hugging Face, n.d.).

The Llama 2-7b-hf is a state-of-the-art transformer-based language model
developed by Meta. It has 7 billion parameters, making it capable of handling
complex natural language understanding and generation tasks. Designed for both
research and practical applications, the model generates coherent, contextually
relevant responses and summarizations across various domains. Its architecture
is optimized for computational efficiency, allowing it to be fine-tuned effectively

for specialized tasks such as summarization and SA.
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- {Hello}
INPUT TEXT

v

[ > {how}
“Hello, how are you?” —

> {are} H

» {you}

EMBEDDING . EMBEDDING POSITIONAL
MATRIX LAYER ENCODING

v

TRANSFORMER LAYER 1

v

TRANSFORMER LAYER 2

v

TRANSFORMER LAYER 3

TRANSFORMER LAYER N

v

OUTPUT TEXT

v

“Im fine, thank you”

Figure 3.1 The Llama 2-7b-hf Model Workflow

Figure 3.5 shows the model's workflow in simple terms. The model starts
with receiving an input text broken down into smaller tokens. Next, the tokens
are passed to the embedding layer, and mapped to dense vectors using a pre-
embedding matrix. Since the model processes all tokens simultaneously, it adds

information about the position of each token in sequence to the embeddings. This
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ensures the model understands word order. The embeddings are passed through
several transformer layers where they will be processed using attention-masks
and feed-forward networks. Finally, the model predicts the most likely next

tokens step-by-step to generate a coherent response.

3.3 DATA COLLECTION AND PREPARATION

The data used in this research is collected via the university’s learning
management system. At the end of every semester, the survey designed by the
university will become accessible to the students, allowing them to share their
opinions anonymously. Students are encouraged to exclude any personal
information. The survey includes 27 close-ended questions. The first 25
questions are answered based on the Likert scale. Question 26 asks whether the
students attended at least 70% of the sessions and completed the course material.
Question 27 asks which grade the students think they will receive at the end. But
the main questions that this research focused on are the last two, Questions 28
and 29 which are open-ended, and the students are free to answer them however
they please. Respectively, the questions are as follows:

e (Q28: "What do you suggest to improve course content?"
e Q29: "To improve student comprehension in the course, what do you
suggest?"
A few extra columns were added to help handle the data better such as:
e Department

e Semester

e Section
e Lang Q28
e Lang Q29
e Q28 no
e Q29 no
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In the Department column, the 4 first letters from the course names,
representing the department names were added. The Semester column was filled
with the name and number of the semesters and in the Section column, the last
number after the dot from the course name which represents the section number

of a course was added.

COMP1112.1 Object Oriented Programming (3) (SPRING21)

- )
Department Name Section Num ber

Figure 3.2 Extracting the Department Name and Section Number

In the columns where the students did not respond to the Q28 and Q29
questions, the word “null” was written. Emojis, tags, and links were deleted
along with all personal information in the comments including the instructors’
names for privacy. The instructors’ names were replaced with unique IDs in the
form of ID 1, ID 2, etc. On some occasions, students responded in both
languages. They would write in one language and add the exact translation after.
In such cases, only one of the two was chosen. The Llama 2-7b-hf model
struggles with sentences shorter than 10 words, often leading to overfitting. To
address this, the dataset was split based on comment length. The comments now
have either equal or more than 10 words or less than 10 words in them and two
separate approaches were used for the two types of comments. Comments were
categorized as either fewer than 10 words or 10 words or more, with separate
approaches applied to each group. Shorter comments were grouped based on
metadata, including department name, course name, semester, and section
number. These grouped comments were then concatenated and summarized

using a summarization pipeline from Transformers.
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For longer comments, the same metadata-based grouping was used, but
instead of direct concatenation, the model was prompted with: 'Summarize the
feedback in a few sentences and generate insights based on them.' Since Llama
2 models are prompt-based, this step was necessary. The model was fine-tuned
accordingly, and summaries and insights were generated. Another example of
prompts used:

e "Rewrite the feedback into an actionable summary for instructors. Focus
on key themes and insights without repeating the exact words."

e "Based on the above feedback, generate actionable insights and key
takeaways in Turkish. To improve the course, highlighting recurring

themes and the overall tone."

Response Departmel Course Semester Lang Q28 Section Q1 Q27 028 028_no

Studentl SOFT  SOFT3101.1 Software Engineering (4) (FALL21) Fall2l TR 1 5. 62
Student2? SOFT  SOFT3101.1 Software Engineering (4) (FALL21) Fallzl  EN 1 3. 19
Student3 SOFT  SOFT3101.1 Software Engineering (4) (FALL21) Fallzt TR 1 4., 40

Figure 3.3 Sample of the Dataset with Q28 and Long Comments

Response Departmel Course Semester Lang Q29 Section Q1 Q27 029 Q29 no
Student! COMP  COMP1101.1 Introduction to Programming (4) (SPRING21) ~ Spring21 EN 1 1. 0
Student? COMP  COMP1101.1 Introduction to Programming (4) (SPRING21) ~ Spring21 EN 1 1. 1
Student3 COMP  COMP1101.1 Introduction to Programming (4) (SPRING21) ~ Spring21 TR 1 4. 5

Figure 3.4 Sample of the Dataset with Q29 and Short Comments

1. Dropping the useless ‘ 5, Brese et e el 3. Extracting the
columns: close-ended ———P . ppll g > language specific f—>
Ll comments

4. Turning all the
comments to lowercase
columns etc.

Figure 3.5 Data Preparation Workflow
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To clean the data, the first step was to load it using the Pandas library.
Measures were taken to check for any mismatched rows. After ensuring none
remained, all null and irrelevant columns such as those containing close-ended
questions, response numbers, and submission dates were dropped. The data was
split based on the two columns of Q28 and Q29. Since the comments were either
in English or Turkish, the English and Turkish responses were processed
separately for each question. To facilitate this, two new columns, Lang Q28 and
Lang Q29, were added, with values "EN" for English and "TR" for Turkish. All
comments were converted to lowercase to standardize the text for easier
processing. Finally, the pre-processed data was saved in pickle format for future

use.

Table 3.1 Distribution of EN, TR, NULL, and Total Entries in the Dataset

CATEGORY COUNT PERCENTAGE

Total number of EN

2019 8.89%
comments
Total number of TR

5471 24.09%
comments
Total number of NULL

15,219 67.01%
comments
Total number of entries 22,709 | e

Table 3.2 shows the dataset files and their respective sizes, total number
of rows, and approximate insight generation time.
e Q28 ge 10: Question 28 with comments of more than 10 words
e Q28 It 10: Question 28 with comments less than 10 words
e Q29 ge 10: Question 29 with comments of more than 10 words

e Q29 It 10: Question 29 with comments less than 10 words
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Table 3.2 Dataset Size and Generation Time

Dataset SIZE Total number of rows | = Generation Time
Q28 ge 10 1112 KB 2292 2m 4s
Q28 It 10 4230 KB 20418 Im 5s
Q29 ge 10 810 KB 1751 2m 34s
Q29 1t 10 4334 KB 20,959 12s

3.4 APPLYING SENTIMENT ANALYSIS

In a previous attempt, the “DistilBERT for Sentiment Analysis” model was
used to achieve the sentiment of the comments. It is a fine-tuned version of the
“distilbert-base-uncased” model on a social media dataset. However, due to the
model only providing binary sentiment, another model was used. The model
used for SA on both approaches is “cardiffnlp/twitter-roberta-base-sentiment”
which is trained on Twitter comments and provides fine-grained SA. The labels
are as follows:

e LABEL 0: Negative
e LABEL 1: Neutral
e LABEL 2: Positive
The labels will be assigned to the sentences (Hugging Face, n.d.).

3.5TOOLS AND MODELS

Tools used in this research:
e Jupyter Notebook for computational tasks and experimentation.
e The Transformers library for summarization pipelines and model fine-
tuning,
e The Pandas library for data preprocessing and cleaning.
e The Pickle library for saving and loading the preprocessed data.

Models used in the research:
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e [Llama-2-7b-hf

o cardiffnlp/twitter-roberta-base-sentiment

3.6 EVALUATION METRICS

Metrics such as the percentage of missing data handled, and duplicates
removed were recorded to ensure the data was clean and ready for analysis.
Expert opinion was used to assess the quality of the insights and summaries
extracted from the LLM and SA model. The outputs were evaluated based on
their contextual relevance and alignment with domain knowledge. The
distribution of sentiment labels was analyzed to ensure logical consistency with

the overall sentiment observed in the dataset.
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CHAPTER 4

4. EXPERIMENTAL EVALUATIONS

At the beginning of this research, the goal was to build a generative Al
model. Therefore, before working with the Llama 2-7b-hf model, other tools
were experimented with in hopes of leading to the generated summaries. The
first step was to find a tool that would aid in preprocessing the data. spaCy was
used for this task. It completed the tasks of tokenization, removal of stop words
and punctuation marks, part-of-speech tagging, and lemmatization. Next,
appropriate spaCy models for both the English and Turkish languages were
found to process the comments. The model used for the English comments is the
"en_core web md" and the model used for the Turkish comments is the
"tr core_news md". An obstacle occurring at this point was that, unlike the
English model, the Turkish model wasn't compatible with the latest spaCy
version. Since no other compatible Turkish models were found, an older version
(version 3.4.2) had to be installed. This further complicated the process of
installing the models. Due to the mismatch in spaCy versions, while working on
either the English comments or the Turkish comments, the spaCy models had to
uninstall the previously installed model and reinstall the other one. To prevent
this, all the Turkish data and notebooks were uploaded to a second Drive account.
The initial aim was to apply SA on the comments and then combine them with
the processed output data from spaCy and build the model based on them.
However, the problem was that SA works only on full sentences and not tokens.
This would create a huge data ambiguity which the model couldn't process since
the number of the sentiments derived from the comments were less than the
number of all the tokens achieved from the preprocessing step. Instead, the SA

had to be applied at the end of the generated summaries.
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4.1 BUILDING A MODEL WITH KERAS

The first attempt was to build the model with Keras, an open-source deep-
learning framework that provides a user-friendly interface for building and
training neural network models (Chollet & others, 2015). The approach began
by installing the necessary libraries from Transformers and TensorFlow. The
preprocessed tokens from spaCy were converted to Transformer-compatible
tokens using "bert-base-uncased" as the tokenizer, generating the input IDs and
attention masks. Next, sentence paddings were created and the sentences were
truncated to optimize the model’s efficiency. To build the model, the pre-trained
BERT model, "bert-base-uncased" was used as the encoder, with some BERT
layers frozen to improve processing speed. Encoder inputs were defined, and a
Lambda layer was used to wrap the BERT model, process the embeddings, and
specify the output shape explicitly. An LSTM decoder was then implemented to
predict the next words in a sentence, and a dense layer was added to output the
probabilities of the next words. In the last step, the complete model was defined
and compiled using the encoder, decoder, and categorical cross entropy for

sequence prediction.
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INPUT TEXT

“The course was difficult to
understand.”

A 4
1. TOKENIZATION

[The]
[course]
[was]
[difficult]
[to]
[understand]

[]

h 4

2. REMOVING PUNCTUATION AND STOP
WORDS

[course]
[difficult]
[understand]

v

3. PART OF SPEECH TAGGING
[course > NOUN]

[difficult - ADJ]
[understand - VERB]

l

4. LEMMATIZATION

[course: course]
[difficult: difficult]
[understand: understand]

Figure 4.1 Example of Preprocessing an EN Comment with spaCy
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INPUT TEXT

“Dersi anlamak zordu.”

1. TOKENIZATION

[Dersi]
[anlamak]
[zordu]

[]

l

2. REMOVING PUNCTUATION AND STOP
WORDS

[Dersi]

[anlamak]
[zordu]

l

3. PART OF SPEECH TAGGING

[Dersi - NOUN]
[anlamak - VERB]
[zordu - ADJ]

l

4. LEMMATIZATION

[Dersi: Ders]
[anlamak: anlamak]
[zordu: zor]

Figure 4.2 Example of Preprocessing a TR Comment with spaCy
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input_ids (

attention mask

lambda (

input_ids[0]
attention mask[ 1[@]

embedding ( ) _ decoder input[o][¢]

get_item ( lambda[ ]

get_item 1 (

- -

dense (

lambda[ ]

embedding| ][ ]
get item[0]
get_item 1[ ][ 1

Total params: (1e4.93 MB)
Trainable params: (104.93 MB)
Non-trainable params: (e.00 B)

Figure 4.3 Model Summary built with Keras

As shown in Figure 4.3, the layer column portrays the name and type of
each layer in the model, defining the architecture and data flow. The output shape
column indicates the shape of the data output by each layer. The first dimension
is usually "None" because it shows the batch size which varies during training
and inference. The param column shows the number of trainable parameters in
each layer that the model uses during the training phase. They are calculated as
follows:

e Dense layer: (input units + 1 for bias) x output units

e Embedding layer: vocabulary size x embedding size

e LSTM layer: A combination of weights and biases for the gates (input,
forget, cell, and output)

The last column lists the connections between layers, showing how the
data flows through the network. After compiling the model, the input-output
pairs were created and shifted to predict the next words. The padded sequences
were set to maximum length as the input data and the output data was converted

into a NumPy array. Since it is a single token, there is no need for padding. The
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output data is converted into a one-hot encoded format where each token is
transformed into a binary vector of size equal to the vocabulary. This helps the
model predict probabilities for each word in the vocabulary at each step. Next,
the input data is changed into a NumPy array format for training compatibility.
Finally, the training phase started on 3 epochs with batches of size 32 and a 0.2

validation split.

Epoch 1/3
6408@s 21s/step - accuracy: ©.2302 - loss: 3.4384 - val accuracy: ©.2801 - val_loss: 2.4476
Epoch 2/3

6253s 21s/step - accuracy: ©.2872 - loss: 2.2742 - val_accuracy: ©.2855 - val_loss: 2.8937

Epoch 3/3
59e8s 20s/step - accuracy: ©.3116 - loss: 2.0288 - val_accuracy: 0.3300 - val loss: 1.9980
<keras.src.callbacks.history.History at ©x780be979d780>

Figure 4.4 Training Details from the Model built with Keras

As presented in Figure 4.4, both the training and validation accuracy
improve over the three epochs, indicating the model is learning and generalizing
better. The loss values in both of them decreased steadily showing that the model
is optimizing its parameters effectively. Validation metrics follow a similar trend
to the training metrics, with accuracy improving and loss decreasing. Each epoch
takes slightly less time than the previous one. This could be due to improved
hardware efficiency such as slightly smaller batch processing time as the model
becomes more stable. After three epochs, the training accuracy reached ~31.16%
and validation accuracy reached ~33.00%.

Despite multiple fine-tuning attempts, the model was unable to generate
complete or coherent sentences and instead produced concatenated tokens and

random characters.

4.2 BUILDING A TRANSFORMER-BASED MODEL WITH BERT

The second approach involved building the model using BERT, a
transformer-based model developed by Google. Designed for NLU tasks, such
as question answering and SA, BERT captures contextual information from both

directions (left-to-right and right-to-left) in text (Devlin et al., 2018). The
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approach began with loading the preprocessed data and converting it into
Transformer-compatible tokens using the “BertTokenizer”. The list of
preprocessed tuples was then transformed into a list of strings, and their lengths
were checked before unpacking to prevent potential errors. The tokenizer was
applied to pad the sentences and extract the input IDs and attention masks. Next,
the “bert-base-uncased” model was set as the encoder, with certain layers frozen
to optimize the training process. The input layers were defined and a custom
BertEncoderLayer was used in place of a Lambda layer. After defining the

decoder input and layers, the model compilation process began.

Layer (type) Output Shape Connected to

decoder_input

input ids (

attention mask

embedding 3 ( decoder input[o][0]

bert_encoder_layer_ 2

( )

input_ids[¢]
attention mask[ 1[e]

get_item 6 ( bert_encoder_layer 2

get_item 7 ( bert_encoder_layer 2

Istm 3 ( ) dropout[©][@],
get_item 6[0][2],
get_item 7[0][0]

dropout_1[¢]

dropout_1 (

dropout ( I one _ embedding 3[¢]

dense_3 (

Total params: (114.95 MB)
Trainable params: (114.95 MB)
Non-trainable params: (0.00 B)

Figure 4.5 Model Summary built with BERT

An early-stopping callback function was defined to reduce the completion
time for each epoch to create the epoch loops. The input IDs and attention masks
were then sliced to match the input and output data lengths. After ensuring that

the output data was formatted as an integer array without one-hot encoding, the
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shapes of the input data, input IDs, attention masks, and output data were verified

before initiating the epoch loops.

Epoch 1/3

6408@s 21s/step - accuracy: ©.2302 - loss: 3.4384 - val accuracy: ©.2801 - val_loss: 2.4476
Epoch 2/3

6253s 21s/step - accuracy: ©.2872 - loss: 2.2742 - val_accuracy: ©.2855 - val_loss: 2.8937
Epoch 3/3

59e8s 20s/step - accuracy: ©.3116 - loss: 2.0288 - val_accuracy: 0.3300 - val loss: 1.9980
<keras.src.callbacks.history.History at ©x780be979d780>

Figure 4.6 Training Details from the Model built with BERT

Unfortunately, since the BERT model was not designed for text generation,
it struggled to produce cohesive and complete sentences. Instead, it generated
iterations of single, random words and unstructured tuples containing jargon

characters, which led to the decision to switch to the GPT-2 model.

4.3 BUILDING A MODEL WITH GPT-2

The third approach was to build the model with GPT-2. It is a large
transformer-based language model developed by OpenAl. It is designed for text
generation tasks, trained to predict the next word in a sentence, enabling it to
generate coherent and human-like text (OpendAl GPT2 — Transformers 3.0.2
Documentation, n.d.).

After loading the pre-processed data saved from the pickle files, the data
was split into three groups:

e Training set (70%)
o Testset (15%)
e Validation set (15%)

Next, the GPT-2 tokenizer model was used to process the data. The
padding token was set to the End of Sequence (EOS) token for consistency. A
preprocessing function was used to tokenize the data and generate input-output
pairs for the GPT-2 model. The preprocessed tuples were converted into a list of
strings, which were then tokenized and either truncated or padded to the

maximum sequence length. The input sequences were then padded and
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converted into a NumPy array suitable for training. To accelerate the model
training, an optimizer from the Transformers library was used to fine-tune GPT-

2 on a lower learning rate.

Layer (type) Output Shape Param #

transformer (TFGPT2MainLay multiple

Total params: 124439808 (474.7@ MB)
Trainable params: 124439808 (474.7@ MB)
Non-trainable params: @ (©.00 Byte)

Figure 4.7 The GPT-2 Model build Summary

To reduce memory usage, techniques such as using a mixed precision
policy, reducing batch size, decreasing the sequence length, and applying
gradient accumulation to simulate larger batch sizes were used. After
implementing the training loops for each epoch, the average training loss and

validation loss were calculated to summarize the model performance.
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Epoch 1/3

Training: 100% ||| 110/119 [15:29<00:00,
Average Training Loss: @.3549

validation Loss: 0.0896

Epoch 2/3
Training: 100% ||| 110/119 [15:20<e0:00,

Average Training Loss: @.0152
Validation Loss: ©.8376

Epoch 3/3

Training: 100% ||| 110/119 [15:40<e0:00,
Average Training Loss: ©.8075

validation Loss: ©.8159

Figure 4.8 Training Detail from the Model built with GPT-2

7.81s/it]

7.74s/it]

7.90s5/it]

Although this model was able to produce complete and coherent

sentences, it struggled to utilize the provided dataset due to its relatively small

size for this research due to the size compared to the overall model. As a result,

the model generated sentences based on its pre-trained data rather than the

dataset intended for this research.
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CHAPTER S

5. DISCUSSION

The analysis of student comments revealed several recurring themes such
as the need for more practical examples and improved course organization.
These findings align with the prior research on student feedback mechanisms,
underscoring their importance in curriculum development. A significant
observation was the difference in feedback quality between comments of fewer
than 10 words and those exceeding this threshold. Longer comments provided
more actionable insights, justifying the decision to handle them separately in the
analysis pipeline. Grouping the responses by metadata such as department and
semester was a crucial step in the analysis process since it enabled a more
structured approach to identify trends in the data. Although the overall trends in
sentiment could not be conclusively determined, the grouping methodology
highlights the potential for future investigations into course-specific or section-
specific feedback trends. The combination of Llama 2 and RoBERTa models
proved effective in summarizing and analyzing the data, particularly when
applied to open-ended responses. This approach demonstrated the potential of
using advanced NLP techniques for improving feedback analysis in educational
settings. The preprocessing techniques, including language-based separation and
metadata grouping, enhanced the clarity and utility of the dataset, ensuring more
accurate and relevant insights. One of the primary limitations encountered in this
study was the insufficient size of the dataset, which impacted the performance
of the models. LLMs and deep learning architectures such as BERT and GPT-2,
typically require substantial amounts of data to fine-tune effectively. The limited
data availability constrained the model’s ability to generalize and capture
nuanced patterns in the feedback. The lack of diverse and representative data
also made it challenging to achieve robust SA and opinion categorization,

potentially leading to underperformance in detecting subtle trends or variations.
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This limitation underscored the importance of obtaining larger datasets in future
work to enhance model accuracy and reliability of insights. Compared to
traditional manual methods of analyzing student feedback, the automated
approach significantly reduced processing time while maintaining high
relevance and accuracy in identifying key themes. Unlike prior studies that
focused solely on quantitative feedback, this research emphasizes the value of

qualitative analysis, offering a more comprehensive view of student experiences.
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CONCLUSION AND SUGGESTIONS

This research explored the use of advanced NLP techniques to analyze
open-ended student survey responses and demonstrated the effectiveness of
combining summarization and SA to extract meaningful information. The
analysis highlights that working with LLMs is significantly more user-friendly
compared to Keras, BERT, and GPT-2 models in this domain, particularly in
terms of implementation and adaptability to the task. The study underscores the
potential of leveraging LLMs for handling complex NLP tasks with greater ease
and efficiency than traditional architectures. Insights generated from this
research can inform instructors and administrators about specific areas of
improvement, enabling targeted interventions to enhance course delivery and
student satisfaction. Future work should focus on integrating more objective
evaluation metrics to validate insights generated by the models. Exploring other
NLP models or hybrid approaches such as combining traditional statistical
methods with deep learning, could enhance the analysis. Extending this approach
to include longitudinal data analysis would provide insights into how feedback
trends evolve as time passes. Incorporating visual or audio-based feedback in
addition to textual responses could broaden the scope of this research, providing
a more comprehensive understanding of student opinions. In conclusion, this
research has demonstrated the potential of NLP techniques in educational
feedback analysis, paving the way for more effective and efficient approaches to

understanding student needs and improving learning experiences.
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