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Abstract

MOOCs (Massive Open Online Courses) offer broad and diverse access to education,
but summarizing learner feedback remains difficult because of the large volume and
wide-ranging content of the reviews. Extracting meaningful insights from learner
feedback saves the time of the learner and helps to make a quick decision about the
course. This study focuses on analyzing and summarizing MOOC reviews across
multiple courses to understand learner impressions towards the course employing
advanced Natural Language Processing (NLP) models including BART, PEGASUS,
T5 and DISTILBART with an aim of generating brief yet coherent summaries. Since
MOOC reivews lacked human-written summaries, our experiment demonstrate that,
even in the absence of supervised data from MOOCs, our method greatly enhances
summary quality. Finally, our evaluation framework incorporated semantic similar-
ity, coherence, and human evaluation. T5 achieved the highest semantic similarity
score (0.60), while PEGASUS demonstrated the best coherence (0.40). In human
evaluations, PEGASUS received the highest ratings in fluency (mean score: 4.75)
and maintained strong performance across relevance (4.35) and factual accuracy
(4.40). T5 closely followed with the highest relevance (4.40) and factual accuracy
(4.45) scores. However, Cohen’s Kappa scores revealed low inter-rater agreement,
with most values indicating slight or even negative agreement—highlighting sub-
jectivity and inconsistency among raters. Ultimately, this study intended to help
prospective learners quickly perceive the overall sentiment and key takeaways of a
course that saves their time and effort of reading through thousands of individual
comments.

Keywords:
MOOC reviews, summarization, natural language processing (NLP), BART, PE-
GASUS, T5, DistilBart, semantic similarity, coherence, human judgment, Cohen’s
Kappa, relevance, fluency, factual accuracy, inter-rater agreement, educational in-
sights, online learning experiences, Word Cloud, Transformer, Encoder, Decoder,
fine-tuning.
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Chapter 1

Introduction

1.1 Background

MOOC platforms have opened a new horizon for the students and teachers in recent
years. The concept referred to as “MOOC” was first introduced in 2008 by David
Cormier and Bryan Alexander to describe the course ‘Connectivism and Connective
Knowledge’ [1]. It has brought about a revolution in terms of equal learning op-
portunity. Coursera, Udacity and edX are three major online platforms that offer
courses without regard to geographical barriers. No matter whether a learner lives
on a different continent or in the depths of poverty itself, anyone with internet access
can learn and improve themselves through the educational experience it offers. It is
now extensively applied in higher education, but both the learners and instructors
are facing some challenges. As MOOCs continue to grow in popularity, they generate
a huge amount of feedback. This can take the form of reviews, message board posts,
wrap-up quizzes or even simple clicking on an icon for ‘evaluation’. These feedbacks
are very essential for understanding the vital details (course strengths, areas of im-
provement, and specific aspects like teaching quality, assignment effectiveness, etc.)
of a course. Learners often feel uncertain about which course to enrol in or whether
the course they’ve selected meets their quality expectations. By reviewing feedback
from past students, they can quickly determine if a course aligns with their needs.
Since MOOCs are intended to provide educational support to as many learners as
possible, the amount of feedback is huge. Reviewing all feedback and identifying
key insights is a challenging task for both learners and instructors. Through the
use of Natural language Processing, educators and course developers will be able to
view data points which lead to the development of better courses with better learner
satisfaction and improved completion rates for courses. In addition, it is necessary
to summarize such responses for drawing informed conclusions so that important
trends and problems may be understood with support from a large volume of data.
Even to this date, there is always a negative correlation between the level of sum-
marization and the loss of important information; this is because of the many NLP
models that have been developed for summarization. This work tries to fill this
gap by describing new paradigms for keeping meaningful information in compact
summaries so that a limited loss of understanding occurs for educators and learners
to make effective decisions in online learning. Text summarization involves reducing
the size of the main text by preserving its key information and meaning. Since man-
ually summarizing text is often time-consuming and challenging, automating this
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process is becoming increasingly popular and is a key driver of academic research
[2]. This technique has broadly applied in various domains. In this study, we will
explore text summarization of learners’ feedback collected from coursera.

1.2 Problem Statement

With MOOCs, today it is easy to gain quality education, but this type of learn-
ing still has critical challenges on how it will deal with learners’ disengagement
and dissatisfaction. Involving learners in course development is advantageous, as
they provide substantial feedback through reviews, discussion forums, and ratings.
To enhance learner satisfaction, it is essential to understand their needs and senti-
ments. While ratings provide a quantitative measure of feedback, textual reviews
offer deeper insights into learners’ experiences, concerns, and expectations. Addi-
tionally, analyzing MOOC reviews using sentiment analysis may provide a general
understanding of learners’ satisfaction but opinion summarization can provide a
deeper insight into learners’ demand and sentiment. In the MOOC domain, much
of the work has been done to analyze MOOC reviews using sentiment analysis but
summarizing the opinion is very underexplored. However, manually analyzing thou-
sands of reviews across multiple courses is impractical. The problem lies in making
appropriate sense of this voluminous and unstructured data for a system. Tra-
ditional methods of summarizing cannot minimize information loss and maximize
brevity at the same time. In general, large sets of reference summaries are needed
for supervised training. Otherwise, the generated summaries often involve a trade-
off between the level of compression and the amount of useful information retained.
Moreover, they generate summaries that may suffer from poor readability and lack
coherence. But the resources, especially in the MOOC domain, are unavailable for
fine-tuning the models. To overcome this limitation, we fine-tuned pre-trained mod-
els on a related domain that included human-written summaries. In this case, we
used Amazon product reviews and their summaries to train models and generate
course-wise summaries from unstructured MOOC feedback. To generate appropri-
ate summaries from the complex and diverse languages of educational reviews, the
key problem was for the models to adapt the language style from product review
summaries. Though the language pattern and style are similar in the sense that they
are both human-written judgments, it was nevertheless difficult to retain crucial in-
formation in course review summaries. Therefore, our goal is to provide concise,
informative summaries for each course by addressing all these identified issues that
can assist both prospective learners in making informed enrollment decisions and
educators in identifying areas for course improvement. Furthermore, we did an as-
sessment comparing the traditional models to examine their adaptability when they
were fine-tuned on a different domain.

1.3 Research Objective

Thus, the objective of the research reported in this paper is to design the method for
summarizing the Massive Open Online Course reviews that is as concise as possible
but informative at the same time. This includes:

3



1. Evaluating Summarization Models: To evaluate the performance of sum-
marization models (e.g., BART, PEGASUS, T5, and DISTILBART) in gener-
ating high-quality summaries, assessed through semantic similarity, coherence,
and human evaluation.

2. Optimizing Summary Quality: To retain essential information, ensure
coherence and relevance in summaries, explore methods involving domain-
specific fine-tuning and generate high-quality summaries.

3. Comparative Analysis of Models Adaptability: Conduct a comparative
analysis of the adaptability of various pre-trained models in generating MOOC
review summaries after training on a different domain.

4. Improving MOOC Effectiveness: To gain actionable insights and identify
strengths and address weaknesses in learners’ experiences this work will offer
course developers and learners an informative summary.

The paper will hence attain these goals of helping the research in educational tech-
nology by demonstrating how the cutting-edge summarization techniques with ac-
cessible assessment methods transform learners’ feedback. This not only supports
MOOC improvement but also enables prospective students to make quick decisions
when selecting courses.
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Chapter 2

Literature Review

Understanding and analyzing the overall sentiment of customers through summa-
rization is always a great challenge because of its unstructured nature. Moreover,
when it is about student feedback, most of the researchers followed the sentiment
analysis approach to understand learners’ satisfaction and dissatisfaction by classi-
fying the opinion as positive or negative. However, sentiment analysis alone does
not provide comprehensive insights into the specific aspects of learner experiences.
In this section we reviewed some papers that are intended to analyze MOOC re-
views through sentiment analysis. Later we explored some research about opinion
summarization and text summarization approaches.

2.1 Related Work

2.1.1 Sentiment analysis on MOOC reviews

Sentiment analysis has become a popular approach to analyzing learners’ attitudes
and experiences about online education, especially in a context where Massive Open
Online Courses (MOOCs) occur. There are several studies carried out using senti-
ment analysis to analyze learners’ opinions from reviews of MOOCs. This literature
review will discuss different forms of sentiment analysis in online education.

One interesting investigation by Wen et al. [3] used a collective sentiment anal-
ysis method to explore the relationship between students’ opinions and dropout
rates in a MOOC. Interestingly, they found a significant correlation between the
two – the more negative sentiment there was in the forums, the higher the dropout
rate tended to be. This suggests that paying attention to student sentiment could
be a valuable way to predict and potentially prevent dropouts in MOOCs. Wang
[4] took a somewhat different approach, using semantic analysis in an attempt to
predict students’ graduation probability based on their emotional tendencies. They
started by using the NRC Affect Intensity Lexicon to assign intensity scores to dif-
ferent words. Marion et al. [5] in their study, investigated students’ perceptions of
their experiences during a cloud computing course. They used VADER to produce
a lexicon based sentiment score. The result they found from this study is sentiment
analysis can measure the emotions of students efficiently, and emotions vary from
different student populations, particularly based on gender. Karsten et al. [6] also
used the VADER algorithm in their study, but they applied it specifically to partic-

5



ipant comments in a MOOC designed to teach beginners how to code. They wanted
to see if there was a relationship between the overall sentiment expressed in the
comments and the reviews that learners left about the MOOC. Manuel et al. [7]in
their study, developed a system for evaluating academic institutions by analyzing
aspect-level sentiment of online reviews. The system achieved a sentiment analysis
accuracy of 72.56. The study aims to analyze MOOC reviews to address biased rat-
ings and improve course selection through sentiment analysis and topic modeling.
Using VADER (highest Pearson correlation: 0.49) and LDA, it identified themes like
course quality and content relevance. Results showed 63% of ratings were 5-star,
highlighting bias, while NLP models provided actionable insights for better course
characterization. Shaik et al. [8] give an in-depth review of methods for analyzing
emotions in the university setting. The methods reviewed included NB, LR, SVM,
Decision Trees, Random Forest, CNN and LSTM. They also reviewed the LDA and
LSI approaches, which can also be helpful in aspect-based sentiment analysis, as
they help reveal which aspects of the course (that students comment on positively
or negatively) are considered. Gottipati et al. [9] also used a combination of topic
modeling and sentiment analysis techniques to analyze learner reviews and improve
teaching and learning in higher education. Specifically, to classify the sentiment ex-
pressed in the reviews, they used TextBlob and LDA for unsupervised extraction of
topics. The study [10] aims to analyze MOOC learner perceptions using sentiment
analysis and deep learning, focusing on factors influencing satisfaction. Using RCNN
for topic classification and four sentiment lexicons (syuzhet, bing, afinn, nrc) for sen-
timent scoring, it identified seven key factors, including course quality, instructor,
and assessment, with humanities-related MOOCs receiving higher satisfaction than
STEM courses.

2.1.2 Opinion Summarization

Opinion summarization refers to a process of generating summaries that reflect
the subjective opinions expressed across multiple texts, such as product reviews
[11]. Given the high dropout rates associated with MOOCs, it becomes relevant to
identify what factors influence learners’ engagement and satisfaction. By analyz-
ing the opinions expressed in comments, reviews, and forum posts left by learners,
researchers can more deeply understand the feelings of students regarding their
learning experience and which areas need further attention. The goal of this pa-
per [12] is to improve MOOCs by analyzing the summary of discussion forums.
They focused on the extraction of the suggestions for the course improvement.
The techniques they used were VADER to detect the sentiment towards specific
courses, rule-based techniques focused on detecting modal verbs (e.g., “should”,
“could”) and wishful phrases (e.g., “hope”, “recommend”), and the summarized
opinions and suggestions are displayed through intuitive visual aids (e.g., pie and
bar charts), helping instructors quickly identify areas needing improvement. The
VADER method successfully recalled around 65% of sentiment classes. The sug-
gestion mining method identified 50% of posts containing actionable suggestions.
This paper [13] focused on generating concise summaries from vast datasets, such
as customer reviews or feedback. They used extractive summarization methods.
For the unsupervised learning, the algorithms used include K-Means, MiniBatchK-
Means, and Graph-based summarization. Graph-based summarization showed the
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best performance, improving precision, recall, and F-measure compared to other
methods like K-Means and MiniBatchKMeans. The researchers in this paper [14]
describe a fully automated process of movie review summarization by natural lan-
guage processing. It proposes a graph-based ranking algorithm. According to the
results of this experiment, the recommended approach outperformed the existing
methods (LexRank and TextRank) on the main evaluation measures. For the pro-
posed method, the average precision was 0.48485, recall was 0.47925, and F-measure
was 0.482. With LexRank, the average scores were 0.39215, 0.3997 and 0.3959 for
precision, recall and F-measure respectively. Similarly, TextRank achieved lower
values of 0.24515, 0.25535, 0.25015, respectively. Another work [15] investigates
whether multi-document summarization models are able to synthesize 8 conflict-
ing inputs into accurate summaries. The models, including T5, PRIMERA, and
GPT-4, were evaluated on movie reviews and biomedical systematic reviews. The
results indicated that GPT-4 outperformed others with a high sentiment correlation,
Pearson’s r = 0.900, in synthesizing movie reviews. This study [16] investigates the
automatic detection of suggestions in opinionated texts, for example, feedback and
posts on social platforms, by classifying sentences as suggestions or non-suggestions.
LSTM demonstrated the highest performance, with F1 scores of 0.727 on the sugges-
tion forum and 0.672 on the electronics reviews, whereas CNN showed slightly lower
results. Arthur et al. in their research [11] proposed an unsupervised opinion sum-
marization model named Copycat, which outperformed the summarization model
like LexRank. It achieved a Rogue score on Amazon reviews (R1,0.2947 , R2 ,0.0526
, RL,0.1809) and (R1 R2 RL ,0.3197 0.0581 0.2016) on Yelp review. Similarly, using
the Amazon and Yelp dataset they generate opinion summaries in another study
[17]. They proposed another novel framework named fewSum, which outperforms
copycat. Target-orientated opinion summarization aims to extract user opinions
on specific targets or fine-grained sub-aspects with minimal supervision, employing
phrase-based summarization to enhance coherence and informativeness. FineSum,
a novel framework in this domain, clusters fine-grained opinions under specific as-
pects using aspect and sentiment classifiers [18]. Somnath et al. in their study
[19] introduce a semantic autoencoder for unsupervised opinion summarization in
extractive approach. The model is designed to pick key information from multiple
reviews to generate concise summaries. It does this without needing human-written
reference summaries. Stefanos et al. [20] developed a weakly supervised opinion
summarization system that extracts aspects and their sentiments from product re-
views without requiring huge amounts of supervised training data. The authors in
this study [21] presented an opinion summarization framework named OpinionDi-
gest which doesn’t require any gold standard summary for training. They used
ABSA models to extract review phrases and then applied trained transformer-based
summarization models to generate the opinion summary. They achieved a rogue
score for R1, R2 and RL, respectively (29.30, 5.77, 18.56). Instead of considering
only the text data, the researchers in this study [22] consider the image data also.
They used separate encoders for text and image input data. Finally they decode
them as text and generate an opinion summary. They achieved an FBERT score
for the Amazon and Yelp datasets, respectively, 87.7 and 87.9. To address issues
like being too generic or lacking supporting details in opinion summarization the
authors in this study [23] introduce a new paradigm of summarizing reviews. The
system they proposed is an unsupervised extractive system named RATION. The
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system consists of two components: an opinion extractor and a rationale extractor.
They got an accuracy result of 0.88% and 0.84% for non-redundancy and coherence.
Another unsupervised extractive opinion summarization method named TokenClus-
ter was introduced by Haoyuan et al. in this study [24]. Their findings indicated
that TokenCluster enhanced aspect coverage in multi-opinion summarization tasks,
benefiting both aspect-based and general summarization approaches.

2.1.3 Text Summarization Methods

An application of the T5 transformer-based model was explored for automated text
summarization in this research [25]. The model implements abstractive summa-
rization, leveraging the transformer architecture’s encoder-decoder framework and
multi-head attention mechanisms. The evaluation metrics ROUGE achieved high
precision (e.g., ROUGE-1: 0.88) but relatively lower recall (e.g., ROUGE-1: 0.58).
The study underscores the efficiency of transformer-based models in producing clear
and concise summaries, helping to manage the problem of information overload in
natural language processing. AlArfaj et al. [26] evaluates the effectiveness of auto-
matic summarization methods for simplifying texts for readers with varied literacy
levels, focusing on Brazilian Portuguese. Methods like EPC-P, SuPor-2, TextRank,
and GistSumm were tested using precision and ROUGE scores. SuPor-2 achieved
the highest informativeness (ROUGE: 0.5839), while EPC-P excelled in identifying
key sentences (89% precision). In a similar approach this study [27] evaluates the im-
pact of automatic text summarization methods on simplifying texts for readers with
limited literacy skills. It tested several extractive summarizers, including EPC-P,
GistSumm, SuPor-2, and TextRank, using precision and ROUGE metrics. SuPor-2
achieved the best results in informativeness (ROUGE: 0.5839), while EPC-P ex-
celled in identifying key sentences (89% precision). Another study [28] developed an
automatic text summarization tool using the TF-IDF algorithm, and compared its
performance with two online summarizers, Tools 4 Noobs and Text Summarization.
The TF-IDF-based summarizer achieved the highest average F-measure (0.666),
outperforming both Tools 4 Noobs (0.622) and Text Summarization (0.629) in most
experiments, demonstrating superior accuracy in matching human-generated. S.
Aubakirov et al. [29] propose an improvement in the GreedSum algorithm, a tech-
nique for extractive text summarization. The research investigates whether adjust-
ing the minimum document frequency parameter for individual document clusters
can lead to better summary quality, measured by ROUGE scores. In this paper [30]
, the authors introduce EXABSUM, an innovative framework for automatic text
summarization that incorporates a hybrid approach to generate summaries. This
study explores using BART as a way to generate abstractive summaries of patient
enquiries in the medical context [31]. The conclusion is drawn that a pre-trained
BART model was fine-tuned on patient-doctor dialogue data, and the summaries
can improve the effectiveness of summarizing medical texts. The results have been
highly encouraging, surpassing over 92% of existing studies in this area. The pro-
posed approach was evaluated using the “MedDialogue” dataset, with outcomes
compared against prior research to demonstrate its effectiveness in medical summa-
rization tasks. This paper [32] addresses challenges brought about by the plethora
of textual data available on the internet, which, although abundant, makes it hard
to find relevant information. Conventionally, comprehensions were manually made

8



by subject experts from lengthy texts, which was time-consuming and inefficient.
It advocates for an intelligent “abstractive” text summarization system beyond the
generic extractive methods.

This literature review identifies the progression from simple sentiment analysis to
sophisticated opinion and summary generation for MOOCs. Although early research
was limited to binary sentiment classifications, most recent research studies empha-
size fine-grained opinion-level detail and a focus on summarization capabilities with
models based on transformers for coherent and informative summaries. These ad-
vances provide a foundation for a new paradigm of feedback summarization systems
aimed at online education systems.
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Chapter 3

Methodology

3.1 Dataset Collection

3.1.1 Overview

The dataset that was used for generating summaries was collected from Kaggle,
which is known as a popular platform for data science competitions and datasets.
Additionally, we collected learners’ feedback from Coursera, a well-known MOOC
platform and merged it with the dataset from Kaggle. Since the dataset was unla-
belled, which means that there were no reference summaries available for training,
the Amasum dataset, which contains Amazon product reviews and summaries, was
used to fine-tune abstractive models from the transformer family, namely BART,
T5, PEGASUS, and DistilBART. We obtained the Amasum dataset from Papers
with Code.

3.1.2 Dataset

The final dataset consist of 18 courses from Coursera with their textual reviews. The
dataset contains 17,417 unique reviews and six features including reviews, ratings,
reviewers, date , course id and course title. This dataset serve as a rich foundation
for the analysis of learner preference identification of trends and actionable insights
for course creators in order to further enhance their course offerings. Meanwhile,
the Amasum dataset is organized into separate folders for training, validation, and
testing. It contains 25,203 training samples, 3,114 validation samples, and 3,166
test samples. Each folder stores data in JSON format, where each JSON file con-
sists of multiple user reviews for a specific product along with their corresponding
summaries.

3.2 Dataset Preprocessing

The dataset was cleaned to prepare it for processing and to ensure its integrity and
suitability for generating summaries using summarization models. Additionally, this
process ensured that data remained intact. The steps are outlined as follows:

Key cleaning steps:
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• Dealing with Duplicate Data: To avoid redundancy, ensuring that the
dataset contains unique records, duplicate values in the dataset were identified
and removed.

• Remove null values: Checked and removed the null rows based on the review
column.

• Normalize Multiple Punctuation Marks: Standardized redundant punc-
tuation (e.g., !!! becomes !).

• Remove Hyperlinks: Stripped URLs and hyperlinks to avoid irrelevant
content.

• Filter Non-English Words: It kept only valid English words in order to
consistency.

• Remove Extra Spaces: It condensed space in order for clean formatting.

3.3 Dataset Visualization

To analyze the presence of positive, negative and neutral feedbacks in the dataset
we visualize the feedback patterns in terms of sentiment score and ratings. These
visualizations provide an insights into the sentiment patterns of learners’ feedback
for further analysis.

3.3.1 Feature-Wise Visualizations

1. Rating Distribution

• Based on the learners ratings to visualize the frequency of each rating
class we plotted a bar graph.

• Each rating value was considered a separate class and the corresponding
frequency was represented as the number of reviews.

• Insights: It gives us a clear vision of general trends, rating imbalances,
and the pattern of student satisfaction and provides a thorough under-
standing of the rating distribution.

2. Sentiment Distribution

• A bar graph and a pie chart were plotted to visualize the frequency of pos-
itive, negative, and neutral reviews depending on their sentiment score.

• Every sentiment label was treated as a separate category and the cor-
responding frequency was represented as the number of reviews in the
graph.

• On the other hand, each sentiment category is shown in the pie chart as
a different colour.

• Insights: It provides a general understanding regarding the learners’
attitude towards the courses.
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Figure 3.1: Rating Distribution of all Course Reviews

Figure 3.2: Sentiment Category Distribution
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3.3.2 Frequency Analysis

For categorical and binned numerical columns, frequency plots were created to ex-
amine the frequency of each category or range. The visualizations above helped to
understand the composition of the entire data set and gave insight into potential
data imbalances.

3.3.3 Visualization Tools and Techniques

The visualizations were constructed using Python’s Matplotlib and Seaborn li-
braries. Visualizations used appropriate titles, axis labels, and color schemes to aid
clarity and interpretability. The sns.countplot() function counts the frequency of
values in a specific column, grouped by categories, and Matplotlib is used to plot
the resulting graph.

3.3.4 Calculation of Sentiment Score

To generate the sentiment score we used the python TextBlob library. The Textblob’s
sentiment polarity function outputs a float ranging from -1 to +1. Here -1 corre-
sponds to extreme negative sentiment, 0 to a neutral tone, and +1 means highly
positive sentiment. TextBlob is a sentiment analyzer that relies on a predefined lex-
ical dictionary containing words with their corresponding sentiment scores. Lexicon
contains positive, negative and neutral words with assigned values. TextBlob first
tokenizes the text into words and phrases. Then it looks up sentiment scores in the
lexicon for each word and adjusts scores based on negation (e.g., not ,never, no)
and modifiers (e.g.,very, extremely, a little). For sentence level, once identifying the
sentiment of each word TextBlob calculates the average polarity score across the
entire sentence [33].

We passed every single comment to TextBlob to generate a sentiment score and
created another column in our dataset which stores the sentiment score. This gave
us a sentiment score of all distinct reviews. After that we grouped the dataset by
course title and computed the mean sentiment score for each course using the mean()
function.

Figure 3.3: TextBlob Function
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3.3.5 Word Cloud of all Reviews

To highlight the terms used most frequently in the feedback a word cloud was
created. The visual has highlighted several common aspects and keywords like
‘Course’, ‘Assignment’, ‘Material’, ‘Content’, ‘Lecture’, ‘Video’, ‘Exercise’, ‘Time’,
‘Example’, ‘Practice’, ‘Instructor’, ‘Lab’ etc. This word cloud was generated from
combined reviews of all courses. This gives an intuitive summary of the dominant
aspects in a pretty form that learners are most concerned about.

Figure 3.4: Word Cloud of Reviews

3.4 Summarization Models and Selection Ratio-

nale

3.4.1 BART (facebook/bart-large-cnn)

Model Overview: The Bart (Bidirectional and Auto-Regressive Transformers) is
a transformation-based model. It has a bidirectional autoencoder which is involved
in considering both the previous and next tokens. The encoder is inspired by BERT
and in the pretraining stage it trained with denoising activity while, its decoder has
an autoregressive nature and this is like the decoder of GPT. This model is explicitly
developed by the Facebook AI for text generation task and because of its denoising
property it can generate coherent, concise abstractive summaries.

Architecture: BART has been implemented with a sequence-to-sequence (seq2seq)
architecture consisting of:
Encoder: It has a bidirectional transformer that is able to capture contextual infor-
mation from both the previous and the next tokens, and it processes the texts as
well.
Decoder: The decoder consists of an autoregressive transformer that generates each
token one by one depending on the token generated previously and the output gen-
erated by the encoder.
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Figure 3.5: BART Architecture (with Comparison to BERT and GPT)
[34]

Working Process: The working mechanism of BART’s bidirectional encoder and
autoregressive decoder is explained below:

• Encoder: The encoder has been designed as bidirectional so that it is able to
process input text and capture the context of both the previous and next token.
Bart achieved this bidirectional nature through several layers of self-attention
mechanisms alongside feed-forward neural networks. At the pretraining stage
its encoder is introduced with a corrupted input text, meaning some tokens
or spans are masked, deleted or permuted. After that the encoder generate
a comprehensive representation (internal vector embeddings) from this cor-
rupted input sequence.

• Decoder: The decoder follows the autoregressive manner that means it gen-
erate the output as just one token at a time. In every step or sequence it
generate a token based on encoder’s embeddings and previously generated
token. Until reach at the end token it continues like that. Similarly to the en-
coder, it comprises multi-head attention mechanisms. And finally, it generates
coherent and appropriate contextual text [35].

Pre-training and Fine-tuning: BART proceeds through two training phases:

• Pre-training: During the pre-training phase BART goes through various
noising strategies. The autoencoder gets an intentionally corrupted input text,
like token masking, deletion and permutation. The decoder’s function is to
restoring the original text from this noisy data. This denoising activity makes
BART strong to understand the language structure and semantics.

• Fine-tuning: After pre-training, BART goes through various labeled dataset
to fine-tuned on certain tasks. Fine-tuning for summarization was conducted
on the CNN/Daily Mail dataset that consisted of news articles with their
associated summaries. BART was pre-trained on a diverse set of datasets,
including Books Corpus, English Wikipedia, and other datasets used in the
Common Crawl. [36]
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Performance Metrics: This model achieved a very impressive Rouge scores on
CNN/DailyMail dataset.

• ROUGE-1: 42.95

• ROUGE-2: 20.81

• ROUGE-L: 30.62

These metrics indicates the models effectiveness and how closely it can generate
human-written summary.

Why Selected: Because of its pre-training strategies and internal architecture, it
is very suitable for generating human-like, fluent summaries.

3.4.2 T5 (Text-to-Text Transfer Transformer - Base)

Model Overview: In our study we used the T5-base model. The Google research
team developed this model. In the field of NLP it portrays a significant advancement
because of its multitasking ability with one transformer. This model formulates all
the NLP operations as a text-to-text problem, thereby allowing diverse tasks to
share the same objective and model architecture. This approach allows this model
to handle multiple tasks, like translation, summarizing, and question answering.
The base model is an efficient version but effective in abstractive summarization.

Architecture: T5 incorporates transformer’s encoder-decoder design for its archi-
tecture. The encoder of T5 converts the inputs into a sequence of contextualized
embeddings after processes. Like the BART, the decoder of T5 also follows an
autoregressive manner, meaning processes the tokens one by one.

• Encoder:

– Structure: The structure of the encoder includes multiple layers each in-
tegrating a multi-head self-attention mechanism alongside a feed-forward
neural network.

– Function: It simultaneously handles the entire input sequence while
contextually capturing the meaning from all the tokens.

• Decoder:

– Structure: The decoder consists of multiple layers as well. Those layers
contains several attention layers and a feedforward neural network.

– Function: It generates the output tokens one by one taking care of both
the prior generated token and the output from encoder.

Working Mechanism: The working mechanism of T5 includes several stages:
tokenization, encoding, decoding, and output generation.

• Input Tokenization: Tokenization of input text is performed using a Sen-
tencePiece tokenizer. That means the text is segmented into subword units.
As a result the model can easily handle the vocabulary efficiently and manage
out-of-vocabulary words. The same tokenizer is used across the encoder as
well as the decoder.
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Figure 3.6: T5 Transformer Architecture
[37]

• Encoding the Input: Here, two crucial mechanisms take place: feedforward
neural networks and self-attention. The self-attention mechanism basically
weighs different words based on how they related to each other. After that,
using that score it can easily understand which words are contextually more
related. Next, the data are sent to a feedforward neural network to capture
complex patterns in text using a non-linear transformations.

• Decoding the Output: In the output decoding section, the masked multi-
head self-attention makes sure of the autoregressive property by predicting
a particular position depending on only the earlier position from the output
sequence, which is already known. Following that, encoder-decoder attention
works with the encoder’s output to ensure contextually relevant outputs. Fi-
nally, the feed-forward neural network works similarly to the encoder’s one.
Similarly, it captures necessary complex patterns using non-linear transforma-
tions for accurate text generation [37].

Pretraining and Fine-tuning:

• Pretraining: Like the BART model, T5 also has a denoising objective during
its pretraining phase on a large corpus. But unlike BART here the corrupted
version of text not only mask a single token; it masks a span. And the decoder
is trained to regenerate the original text.

• Fine-tuning: Once finished with pretraining it has to going through fine-
tuning for specific tasks with labelled data. But every task here is done by
text-to-text generation and and task specific prefix is added. For example,
for summarizing task the prefix would be (”summarize”). The model then
understand which task it has to do and gives output based on that. [38]

Why selected: In our thesis, the T5 base model is utilized to abstractive summa-
rization from learner feedback. The model is able to distill key information from
extensive reviews and generate concise summaries.
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Figure 3.7: T5 text-to-text framework
[37]

3.4.3 PEGASUS

Model Overview: PEGASUS was proposed by Jingqing Zhang, Yao Zhao, Mo-
hammad Saleh and Peter J. Liu on Dec 18, 2019. PEGASUS is specially developed
for abstractive summarization by masking complete sentences while doing its pre-
training so that coherent and contextually rich summaries. Some variations of this
model showed not only just human-level summary also it showed human beating
performance in generating abstractive summary.

Architecture: Similar to the Bart and T5, Pegasus also a transformer-based model
so it includes encoder-decoder. Pegasus consists of 16 layers of transformer encoder-
decoder in each component. The encoder-decoder architecture of Pegasus is similar
to the BART model with multiple layers of transformer block. Again, each block
with multi-head-self-attention and feedforward neural network[39].

Figure 3.8: The base architecture of Pegasus
[39]
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Pre-Training Mechanism: It occupies a self-supervised objective, Gap Sentence
Generation (GSG) for summarization. GSG helps Pegasus learn to reconstruct a
gap sentence. This part is very crucial to generate a quality abstractive summary.
Along with GSG, an MLM was applied to the encoder. The steps of this mechanism
are below:

GSG:

• Selecting Sentences: Some sentences are removed from a document.

• Creating a Summary: The removed sentences are combined to create a
pseudo-summary.

• Masking: The spots in the source document where the sentences were re-
moved are marked with special tokens like [MASK1].

• Training: The training objective of the model involves generating the omit-
ted sentences based on the remaining text.

To choose which sentences to remove, three strategies are used. Pick any
random sentences, choose the first few sentences or select sentences that are
most important, determined by comparing each sentence to the rest of the
document using a metric called ROUGE-F1.

MLM (Masked Language modeling):

• Masking Token: A selection is made of 15% of the total words in the text.

• Replacing Tokens: A portion of these selected tokens were exchanged for a
mask token or a random token, and sometimes remianed as it was.

• Training: The model learns to infer the intended words depending on con-
textual information.

This approach allowed PEGASUS to effectively learn summarization tasks by focus-
ing on generating important sentences from the remaining text.

Pre-training Dataset:

• Corpus: PEGASUS was pre-trained on the C4 and HugeNews corpora.

• Fine-tuning Dataset: Fine-tuned on CNN/Daily Mail, XSum and arXiv
datasets [39].

Why we selected: In our study we have selected Pegasus because of its robustness
across domains. It has been evaluated on diverse datasets. It has an innovative
sentence gap pre-training objective. And it outperforms many existing models. Its
specialized training methodology ensures high-quality output for complicated texts.
For instance, it achieved a ROUGE-1 score of 44.17 on the CNN/DailyMail dataset
and 47.21 on the XSum dataset [39].
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3.4.4 DistilBART

Model Overview: Distilbart is a distilled version of Facebook AI’s BART model.
This model is tailored for tasks like abstractive summarization. DistilBart retainss
much of BART’s performance while being more efficient in terms of speed and size
through a process called knowledge distillation. DistilBART is very efficient in terms
of real-time applications without sacrificing performance. It is capable to handle a
large volume of text data at once. [40]

Architecture: DistilBART follows the encoder-decoder structure like most of the
transformer-based models. This model has two core structural parts, an encoder and
a decoder. The input text is encoded by the encoder and then it transforms them
into a sequence of hidden states that capture its contextual meaning. Subsequently,
the hidden representations fed to the decoder to produce a final sequence of output
tokens. A sequence-to-sequence task like summarization, where it’s essential to thor-
oughly understand the entire input before generating the output, this architecture
is particularly effective. The DistilBART components are the BARTEncoder and
the BARTDecoder. The model consists of 12 layers of encoders, which is similar
to BART. But since it is a distilled version of BART, it consists of only 6 layers of
decoder rather than 12 layers like BART. The embedding model output meaning
the hidden size is 1024 and utilizes 16 attention heads. [41]

Figure 3.9: Transformer architecture
[41]

Why Selected: It is lightweight and efficient in nature, hence it has been selected
for large-scale summarization tasks where the computational resources will be at
stake.
These models represent a wide variety of architectures that are capable of doing
abstractive summarization effectively at varying input lengths and complexity levels.
The selection balances a high performance, for example, BART and PEGASUS,
along with computational efficiency, such as DistilBART and T5. This comparative
evaluation enables a comprehensive understanding of summarization performance
across various model families.
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3.5 Evaluation Metrics: Semantic Similarity, Co-

herence, Human Evaluation

3.5.1 Semantic Similarity

Semantic Similarity Overview
Semantic similarity is also a natural language processing (NLP) task like summa-
rization. It involves, in quantitative measure, how closely two texts are similar with
each other. It eases various NLP tasks to measure the similarity of texts, such as
text classification, information retrieval, text summarization, essay evaluation, ma-
chine translation, and question answering [42].

Used Model for Embedding
We utilized all-MiniLM-L6-v2 model for generating the embeddings of the MOOC
reviews and the generated summaries to compute the semantic similarity. The all-
MiniLM-L6-v2 model is designed specially to generate high semantic sentence em-
beddings. This model is a part of the Sentence-Transformers framework. Sentence-
Transformers is not optimized for token-level tasks like traditional BERT models;
rather, it utilizes an architecture which enable direct extraction of sentence-level em-
beddings via a pooling strategy [43]. Moreover, this model is a compact version of
BERT that uses deep self-attention distillation with significantly lesser parameters
but retain the performance. It uses only 6 transformer layers and a 384-dimensional
output vector but still gives a good trade-off between speed and accuracy. So this
is an efficient version built upon the MiniLM architecture [44].

Evaluation methodology: It contains the following steps:

• Embedding Generation: We passed both the concatenated course reviews
(original text) for a specific course and the generated summary for that course’s
reviews through the all-MiniLM-L6-v2 model to acquire sentence embeddings.
The semantic meaning of the encoded input text is conveyed by the embeddings
in a vector format.

• Computation of Cosine Similarity: From the Scikit-learn library, we used
the cosine similarity() function to compute the cosine similarity between
the original text and the generated summary. This method produces a score
between -1 to 1 which represents how well the summary corresponds to the
original text. Higher value indicates greater semantic similarity.

• Score Aggregation: We computed the semantic similarity for all the courses
present in our dataset. So we averaged all the resulting scores to provide an
overall semantic similarity score.

3.5.2 Coherence

Overview Of Coherence metric for Summarization
The coherence metric for evaluating abstractive summaries basically measures the
logical flow of a text and structural integrity. It represents the logical and semantic
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Figure 3.10: Implementation of semantic similarity metric

connectivity between sentences in a text [45]. For multi-sentence summaries, it is
very important because it should examine whether the adjacent sentences can dis-
rupt readability for the reader. There are many ways to compute a coherence score.
But we followed the cosine similarity based approach where, at first, an embedding
is created, and then the similarity between two adjacent sentences is calculated. We
used the same model, “all-MiniLM-L6-v2”, for creating the embedding.

Implementation Steps:
First, we passed all the summaries one by one in a coherence measurement function,
and that function worked in the following way:

• We splitted the whole text into sentences using the split() function.

• After that we converted the split sentences into numerical vectors (embed-
dings) using the loaded pre-trained “all-MiniLM-L6-v2” model.

• We also handled the single-sentence case by checking if the len(embedding) is
less than two. If it is less than two, that means there is no need to calculate
smooth transition between sentences so we returned the score as 1.0, assuming
the coherence is perfect.

• Next, using the cosine similarity function, we calculated each adjacent sentence
pair to calculate the cosine similarity score, which measures how similar those
sentence pair. And stored each similarity score in a list. The scores are between
0 and 1. A higher value suggests higher coherence in the text.

• Finally, returned the mean similarity score to get an overall coherence score
of the summary.

• We did this whole thing in a loop for all the course summaries to measure their
coherence score. And finally, averaged all the summary scores to produce an
overall coherence score of all the courses.

3.5.3 Human Evaluation:

For our study, human evaluation of the generated summary is a very important mat-
ter, as our dataset does not contain any human-written summaries. Moreover, we
trained the models on a different dataset which contains product review summaries
instead of student feedback summaries. Therefore, we need human judgment for our
generated summaries to check whether they are good enough in terms of fluency,
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relevance and faithfulness or not. We asked two human evaluators to evaluate our
generated summaries from MOOC feedback. Since we employed four abstractive
models for generating summaries and we had 18 courses as a whole, we selected 10
courses. So, a total of 40 summaries from four models (1 course summary for four
models) were evaluated by humans to measure the Cohen’s kappa score.

Cohen’s Kappa: Cohen’s Kappa κ is a statistical measure that measures the agree-
ment between two distinct persons who independently rate the same set of items [46].

Formula:

κ =
Pr(a)− Pr(e)

1− Pr(e)
(3.1)

Where:

• Pr(a) represents the level of agreement actually observed between two raters.

• Pr(e) it represents the amount of expected agreement by chance.

Interpretation of κ Values
According to McHugh [46], the κ value, which indicates the level of agreement, is
evaluated following the interpretation as table 3.1.

Table 3.1: Interpretation of Cohen’s Kappa value

Kappa Value Strength of Agreement

< 0.00 Poor
0.00–0.20 Slight
0.21–0.40 Fair
0.41–0.60 Moderate
0.61–0.80 Substantial
0.81–1.00 Almost Perfect

In our study, since we evaluated our summaries by humans, it was important to
assess how consistently the raters agreed; hence, we utilized Cohen’s Kappa score.
We asked the evaluators to rate each summary on fluency, relevance and factual
accuracy based on the original reviews.

Relevance: It measures how relevant the generated summary is to the original
content.
Fluency: It measures the grammatical correctness, smoothness of phrasing and
readability.
Factual Accuracy: It measures the faithfulness, meaning the generated summary
actually contains true information from the original text or not [47].
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Mean Score Computation

In addition to Cohen’s Kappa, we also computed the mean scores from the human
ratings for each dimension: relevance, fluency, and factual accuracy, to provide an
aggregated quality assessment of the summaries.
The scoring process was as follows:

• Each rater rated every summary (from each of the four models) on a scale of
1 to 5 for each metric.

• We grouped the scores based on their evaluation dimension (i.e., relevance,
fluency, factual accuracy).

• The mean score for each metric was computed separately for each rater.

• Finally, the average of the two raters’ scores for each metric was taken to
compute the final mean score per dimension.

This computation was performed using a Python script with the NumPy library,
ensuring systematic and consistent averaging of scores across the 10 evaluated sum-
maries per model. These final mean scores provided a numeric indicator of how each
model performed according to human judgment.
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Chapter 4

Model Adaptation and Domain
Application

4.1 Dataset for Fine-Tuning: "AmaSum"

4.1.1 overview:

The AmaSum dataset was in JSON format. It contains reviews of Amazon products
and website summaries. The website summary data fields contain entries including
‘verdict’: Summary Statement, ‘pros’: pros of the product, ‘cons’: cons of the prod-
uct, ‘aspects’: empty dictionary, ‘publication date’: empty string, ‘rating’: empty
string and ‘source’.

4.1.2 Preprocessing the dataset

We were intended to train our pre-trained models on reference summaries, so all the
data entries were not needed.

• At first we loaded the train, test, and validation split from the dataset.

• Extracted all the customer reviews for each file and merged them.

• Then extracted the pros and cons from the website summaries data field.

• The customer reviews and summary are stored in a dictionary. After that, all
the reviews and summary dictionaries were stored in a list.

• Later, we converted the list to a pandas dataframe and did this for all training,
test, and validation splits.

• We introduced two new columns, "input text" and "target text". The
combined reviews stored in the input text and the target text consist of pros
and cons (concatenated pros and cons for training).

• We tokenized the training data using the specific tokenizer for each specific
model.

Finally, we fine-tuned the pre-trained BART, DistilBart, Pegasus, and T5 models.
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4.2 Model Fine-Tuning Setup

We fine-tuned four transformer-based models on the preprocessed AmaSum dataset
using the Hugging Face Transformers library. The input texts were aggregated
product reviews, and the target outputs were the corresponding human-written
summaries (pros and cons). All training scripts were implemented in a Kaggle note-
book and executed on GPU-accelerated environments using CUDA, where available.
Model weights and logs were saved during the training process for further evalua-
tion. Model fine-tuning was performed through the Hugging Face Trainer API,
which provides built-in support for gradient accumulation, checkpointing, evalua-
tion, and logging. Due to different sizes and architectural complexities, the training
parameters varied across the models. The training configurations for the models
were:

• Output Directory: ./[model-name]-finetuned (custom directory to save
the trained model and checkpoints).

• Evaluation Strategy: epoch (when to run evaluation, here after completing
an epoch).

• Save Strategy: epoch (model checkpoints were saved after every epoch).

• Save Total Limit: 2 (maximum checkpoints to be kept).

• Load Best Model At End: True (the best checkpoint would be loaded after
training is complete).

• Metric for Best Model: eval loss (metric which is used to select the best
checkpoint).

• Greater is better: false.

• Per Device Batch Size:

– BART: 4

– Pegasus: 2

– T5: 4

– DistilBart: 8

• Epochs: (complete iterations over the training dataset).

– BART: 4

– Pegasus: 3

– T5: 7

– DistilBart: 3

• Weight Decay: 0.01 (penalizes large weights to reduce overfitting; regular-
ization).

• Logging Directory: ./logs (location to save logs and other metrics).
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Figure 4.1: Training and validation loss of BART

Figure 4.2: Training and Validation loss of Pegasus

From the Figure 4.1, we can see the training loss has decreased smoothly up to
epoch 4. But the validation loss after epoch 2 started to increase. So, we got
our best model at epoch 2. Pegasus in Figure 4.2 demonstrates stable learning
with decreasing validation loss across all the epochs. Due to its large size, only 3
epochs were completed. Next, as shown in Figure 4.3, we applied 7 epochs to T5.
However, there were no significant improvements in validation loss after epoch 5.
So we saved the best model at epoch 5. Lastly, Figure 4.4 shows the training and
validation loss graph of DistilBart. The validation loss started to increase slightly
after epoch 2, from 0.8571 to 0.8672. Therefore, we saved the best model at epoch
2. After finishing the training using the trainer.save model() the fine-tuned model
was explicitly saved to ensure that the best model checkpoint with low validation
loss was preserved for further inference and evaluation.

4.3 Summary Generation on Mooc Reviews

After saving the best models based on their evaluation loss, we loaded each model
to apply them to the combined MOOC feedback. The following steps we followed
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Figure 4.3: Training and validation loss of T5

Figure 4.4: Training and validation loss of DistilBart

to generate course-wise summaries:

• At first, we read the MOOC review dataset using pd.read csv().

• Cleaned the data using the necessary text cleaning steps.

• Based on the course title we made a dictionary. Where we combined all the
feedback of a specific course in a list and assigned the course title as their key.

• Then applied the fine-tuned models on the dictionary items.

To perform abstractive summarization with each fine-tuned model, we set up a cus-
tom summary generation method. The method in question simplifies the reviews in
bulk by first tokenizing each review with the tokenizer made for the model, creating
tensors the model can work with. Once the tensors are generated, the model is used
to create the concise summaries.
To enhance the quality of the output generated, the function was designed with
several important decoding parameters which impact the generated output quality.

• Beam Search: We used beam search with num beams=8 to explore multiple
decoding paths and select the most coherent summary.

• Maximum Length: We established the max length=256 in the algorithm to
manage the length of the output summary.
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Figure 4.5: Workflow Diagram

Figure 4.6: original text 1

• Early Stopping: We had early stopping enabled to halt the decoding when
an adequate summary is generated.

• Repetition Penalties: Length penalty=1.5 and repetition penalty=2.0 were
in place to manage overly long and repetitive outputs.

• No Repeat N-Gram: no repeat ngram size=3 was applied to manage re-
peated phrases in the output summary.

Inference was run on GPU if possible, due to the size of the model, also helped
speed up inference time. Combined course reviews for each course were stored in
a variable as a single input string. A summarization function was then repeatedly
applied to the entire dataframe. The summary was output to a dictionary with the
course title as the key.
This automated approach to summarization enabled us to produce concise and
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Figure 4.7: sample generated summary 1

Figure 4.8: original text 2

course-relevant summaries, reflecting the collective feedback from students. These
summaries may be helpful for course intended audiences and for course designers.
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Figure 4.9: sample generated summary 2
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Chapter 5

Result and Analysis

In this section, we evaluate the performance of our fine-tuned abstractive summa-
rization models – BART, DistilBART, PEGASUS, and T5 using automatic metrics
and human ratings. The assessment was done across three primary areas: semantic
similarity, coherence, and human ratings with Cohen’s kappa.

5.1 Semantic Similarity

Semantic similarity measures the extent to which the generated summary preserves
the original meaning of the input reviews. As shown in Table 5.1 T5 achieved the
highest semantic similarity score, followed by BART and PEGASUS.

Table 5.1: Semantic Similarity Scores

Model Semantic Similarity

BART 0.57
DistilBART 0.56
PEGASUS 0.57
T5 0.60

The high semantic similarity score achieved by T5. It uses a single unified text-
to-text framework and the fact that it modeled every task (even summarization)
as a transformation of text. This helps capture and maintain the core ideas of the
original content. On the other hand, the DistilBART model is the smallest version
of BART, and its semantic similarity scores are slightly diminished potentially due
to some of the model components being stronger in BART, which has a greater
number of attention layers.

5.2 Coherence

Coherence measures the logical flow, grammatical correctness, and structural con-
sistency of the generated summaries. PEGASUS has the highest coherence score,
followed by DistilBART and BART, as shown in Table 5.2
PEGASUS’s dominance is due to its pretraining objective: gap-sentence generation
which explicitly induces learning of inter-sentence dependencies and hence coher-
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Table 5.2: Coherence Scores

Model Coherence

BART 0.33
DistilBART 0.35
PEGASUS 0.40
T5 0.28

ence. After Pegasus, Bart and DistilBart performed moderately on the coherence
metric. Even though T5 is strong semantically, it suffers in terms of coherence. It
demonstrates a trade-off between fact alignment and surface fluency in our domain.

5.3 Human Evaluation via Cohen’s Kappa

To validate the automatic metrics, human evaluators rated each model’s summaries
on three qualitative criteria: relevance, fluency, and factual accuracy. Cohen’s
Kappa was used to assess inter-rater agreement—that is, the degree of consistency
between the two annotators’ evaluations. It does not measure the quality of the
summaries themselves but rather how much the two raters agreed on their assess-
ments. The updated Kappa values are shown in Table 5.3, where most scores fall
within the “slight” or “less than chance” agreement range. Notably, several values
are near or below zero, indicating a high degree of subjectivity and inconsistency
among raters.

Table 5.3: Cohen’s Kappa for Inter-Rater Agreement

Model Relevance Fluency Factual Accuracy

BART 0.19 0.00 0.19
DistilBART 0.09 0.00 -0.04
PEGASUS -0.19 0.29 0.09
T5 0.04 0.00 -0.01

Despite using a clear rubric for evaluation, these low Kappa scores suggest that an-
notators interpreted the evaluation criteria differently or found it difficult to assess
dimensions such as fluency and factual accuracy consistently. The fact that multiple
models received zero or negative scores, particularly in fluency and factual accuracy,
highlights the subjectivity involved in evaluating abstractive summaries. This fur-
ther reinforces the need to combine human evaluation with automatic metrics to
form a more balanced assessment.

5.3.1 Mean Human Rating score

We computed themean human ratings using responses on a 1–5 Likert scale across
the criteria of relevance, fluency, and factual accuracy. The scores are presented in
Table 5.4.
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Table 5.4: Mean Human Evaluation Scores (1–5 Scale)

Model Relevance Fluency Factual Accuracy

BART 3.55 4.55 3.55
DistilBART 3.80 4.40 3.60
PEGASUS 4.35 4.75 4.40
T5 4.40 4.65 4.45

5.3.2 Interpretation and Key Findings

The average score of human ratings gives a more comprehensive view of the perceived
standard of the summaries produced by each of the models:

• T5 received the highest rating for factual accuracy (4.45) and relevance (4.40)
thus making it the best at generating summaries that were at once informative
(high information retention) and faithful (accurate to source text). With a
fluency score of 4.65 overall, T5 excelled on all three indices.

• Overall, PEGASUS received the highest scores for fluency with a 4.75 as the
highest, generally being the most fluent and natural of models across all three
human evaluations. PEGASUS also demonstrated good reliability in factual
accuracy (4.40) and relevance (4.35), suggesting that PEGASUS generated the
most fluid and interesting summaries with good information retention.

• BART is a competent method throughout all three indexes with a mean score
of 4.55 and comparable scores for relevance and accuracy (3.55). Although
BART did not lead in any of the three aspects, it is simply exhibiting necessary
performance.

• DistilBART, performed above what would be expected for a light model. It
received 3.80 for relevance, 4.40 for fluency and 3.60 for factual accuracy. It is
slightly behind the larger models, in terms of accuracy, but still offers readable
and reasonably relevant summaries.

To conclude, The findings, taken together, highlight the significance of mean ratings
and inter-rater agreement in evaluating the suitability of summarization models.
The mean scores numerically reflect the subjective assessment of the calibre of the
generated summaries, whilst Cohen’s Kappa shows the consistency of assessments.
Most significantly, this analysis leads us to the conclusion that the best models capa-
ble of producing high-quality summaries of MOOC reviews are T5 and PEGASUS.
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Chapter 6

Conclusion

6.1 Limitations

Despite achieving promising outcomes with the fine-tuned summarization models,
this research has certain limitations to consider when placing findings in context and
looking forward in future research. First, the models were fine-tuned on a product
review dataset but were applied to and evaluated on student feedback on courses.
Though both are human-written feedback and their language style are the same,
they belong to different domains. Secondly, the human evaluation was limited to
a small sample size, only 10 summaries per model. While a sample size of 10 was
adequate for preliminary qualitative analysis, the low number of samples does carry
marked statistical uncertainty. Cohen’s Kappa, for instance, which was utilized for
inter-rater reliability measures, can be very unreliable and erroneous when calcu-
lated from a small dataset. In light of this, we must caution that the agreement
scores should be interpreted carefully. Thirdly, this research lacked gold-standard,
human-written reference summaries. As a result, we had to depend upon proxy
evaluation metrics such as semantic similarity and coherence. Although semantic
similarity and coherence are well-established measures in summarization literature,
they do have limitations. For example, measures of semantic similarity can overlook
fluency and factuality, while coherence measures do not always correspond to human
readability assessments. Our omission of utilizing reference summaries also meant
we were unable to use the more comprehensive automatic metrics (i.e., ROUGE,
BLEU or METEOR) that are typically used to assess summarization quality. Fi-
nally, while the demonstrated models were only from fine-tuned forms based on
pretrained checkpoints, no architectural alterations, decoding strategies, or rein-
forcement learning were used. All of which could have led to untapped performance
potential.

6.2 Future Plan

Based on the contributions made by this research, a number of directions are possible
for future work on the topic of abstractive summarization of MOOC reviews.
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6.2.1 Scalable and Robust Human Evaluation

Future work extends the human evaluation dimension of previous documentation
work both with respect to the scale of the human evaluation (in terms of the num-
ber of summaries evaluated) and the diversity of annotators. A more expansive
evaluation set (e.g., 50-100 summaries per model) would provide more statistically
robust agreement scores and allow for better analysis of inter-rater variability. The
inclusion of domain experts (e.g., MOOC instructors in many cases) in the annota-
tion process could provide greater depth to evaluations in terms of factual accuracy
and relevance.

6.2.2 Increase the Number of Evaluators

In this study, there were only two evaluators, which may have produced some error
based on the level of English each evaluator possessed. By increasing the number of
evaluators, we could have diminished the variability error and we could have selected
ratings when the rating would have more agreement.

6.2.3 Incorporation of Reference Summaries

Developing a human-written, manually curated data set of summaries of MOOC
reviews would vastly improve the evaluation framework. A data set of this kind
would allow serious evaluation, using established automatic evaluation metrics, such
as ROUGE and BLEU. Both of which would provide better comparative benchmarks
and allow for comparisons of models across studies.

6.2.4 Aspect-Based and Multi-View Summarization

Considering the multi-dimensionality of MOOC reviews, which cover framing di-
mensions of course content, instructor quality, assessment and platform experience,
another avenue is possible for aspect-based summarization. An aspect-based sum-
marization would mean sorting or tagging sentences by aspect and then summarizing
each aspect in the paragraph or summary. The resulting summary would be more
informative and organized by structure. This type of summary would better help
prospective learners looking for detailed disclosures while matching the dimensions
of MOOC reviews.

6.2.5 Model Ensembling and Controlled Generation

The findings from this study demonstrated complementary strengths across various
models. For example, T5 had strong performance in terms of semantic fidelity
whereas PEGASUS produced more fluent output. Future work could examine a
number of ensemble techniques that model the outputs of a number of models,
or methodologies for controlled generation with specific summary features (e.g.,
factuality vs. concision).
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6.2.6 Cross-Platform and Cross-Domain Validation

For the sake of external validity, future work should test the models on reviews from
various MOOC platforms, such as edX, Udacity, and FutureLearn. Moreover, apply-
ing the process to other domains—like product reviews, health care evaluations, or
abstracts of research papers—would provide generalizability and the identification
of unique challenges characteristic to a domain.

To sum up, our study examined the application of large transformer based abstrac-
tive summarization models to extract key insights from MOOC learner reviews and
generate brief, coherent summaries. The meeting feedback we examined is subjective
and unstructured, so we fine-tuned BART, PEGASUS, T5 and DistilBART using
the AmaSum dataset which includes a large corpus of summaries and reviews of
Amazon products, as there were no available reference summaries for MOOCs. We
use a combination of automatic measures and human assessments as our evaluation.
T5 was the strongest model in terms of semantic similarity and factual accuracy
while PEGASUS was the best model for fluency. Cohen’s Kappa scores indicated
fair to moderate agreement amongst human reviewers, which illustrates that sum-
mary evaluations are somewhat subjective, but can be deemed relatively consistent.
The calculated mean scores provided a clearer representation of summary quality
overall, with T5 and PEGASUS producing the most well-rounded outputs. There
were a few limitations to be aware of, including human evaluation being based on
a small sample size, as well as the domain shift of the training data. Overall, the
findings confirm that it is feasible to fine-tune pre-trained summarization models on
different feedback domains and apply them to the educational feedback collected in
this study. This research offers a foundational technique for summarizing MOOC re-
views at scale, thereby helping prospective learners make timely choices and helping
instructors identify an opportunity for improvement in their courses. Future work
could look at larger-scale evaluations, summarization data that is domain-specific,
and create interactive summarization frameworks for individualized learning.
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Human Evaluation Form

This appendix contains all the questions and evaluation criteria used in human
judgement of automatically generated summaries using the four models. Partici-
pants were asked to read the original texts and the generated summaries carefully.
Then rate the summaries on a 5-point linear scale in response to the following ques-
tions.

1. Relevance: How well does the summary reflect the key points of the original
text?

2. Fluency: Is the summary grammatically correct and easy to understand?

3. Factual Accuracy: Does the summary stay true to the facts presented in
the original text?

Later, the responses were used to assess the inter-rater agreement using Cohen’s
kappa and a mean rating score.
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Figure 6.1: Human evaluation from
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