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Abstract: This research paper provides a comprehensive review of deep learning techniques applied to
natural language processing (NLP) for the evaluation of feedback. In today's digital age, feedback is
ubiquitous, and its analysis is crucial for understanding user sentiments, improving products and services,
and making informed business decisions. Traditional methods of feedback analysis often fall short in
handling the complexity and nuances of human language. Deep learning, a subset of machine learning, has
shown promising results in capturing intricate patterns and semantics in natural language.

This paper begins by introducing the importance of feedback evaluation and the challenges associated with
traditional approaches. Subsequently, it delves into an overview of deep learning techniques, including
neural networks, recurrent neural networks (RNNs), long short-term memory (LSTM) networks, and
transformer models, and their applications in NLP. The focus is on their ability to process and understand
the context, sentiment, and semantics of textual feedback.

The main body of the paper reviews recent research studies and applications of deep learning techniques in
feedback evaluation. This includes sentiment analysis, opinion mining, and emotion detection, highlighting
the strengths and limitations of various models. Additionally, the paper explores the use of pre-trained
language models, such as BERT (Bidirectional Encoder Representations from Transformers), GPT
(Generative Pre-trained Transformer), and their variants, in feedback analysis.

The paper also discusses challenges and open research issues in applying deep learning to feedback
evaluation, such as the need for labeled datasets, model interpretability, and ethical considerations.
Furthermore, it provides insights into potential future directions for research in this domain, including
advancements in model architectures, transfer learning, and the integration of multimodal data.

To validate the effectiveness of deep learning techniques in feedback evaluation, the paper presents a case
study or experimental results using a specific dataset. It evaluates the performance of different models and
compares them with traditional methods, showcasing the advantages of deep learning in capturing complex
linguistic features.

In conclusion, this research paper consolidates the current state of the art in applying deep learning
techniques to NLP for feedback evaluation. It provides a roadmap for researchers, practitioners, and industry
professionals interested in leveraging advanced techniques to gain deeper insights from textual feedback in
various applications.

Keywords: Deep learning, Natural Language Processing, Feedback Evaluation, Sentiment Analysis, Opinion
Mining, Neural Networks, Transformer Models, BERT, GPT.
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I.INTRODUCTION

In recent years, the intersection of Natural Language Processing (NLP) and deep learning has catalyzed
transformative advancements in the field of feedback evaluation. The surge in digital communication
channels has resulted in an unprecedented volume of textual feedback across diverse domains such as
customer service, education, healthcare, and e-commerce. Extracting meaningful insights from this deluge of
unstructured data has become a paramount challenge. Traditional NLP techniques, while effective to some
extent, often struggle with the nuances and context inherent in human language.

Deep learning, a subfield of mechanism learning encouraged by the arrangement and function of the human
brain, has emerged as an authoritative paradigm for tackling complex NLP tasks. Unlike conventional
methods that rely on handcrafted features and rule-based systems, deep learning models autonomously learn
hierarchical representations of data, allowing them to capture intricate patterns and relationships within the
text. This paper explores the application of deep learning techniques to enhance the evaluation of feedback,
shedding light on the methodologies, architectures, and challenges associated with this evolving research
area.

The motivation behind delving into deep learning for feedback evaluation stems from the inherent need to
discern sentiments, opinions, and valuable insights from the vast sea of textual feedback. Businesses strive
to understand customer satisfaction, educators seek to improve teaching methodologies based on student
feedback, and healthcare providers aim to gauge patient experiences. Conventional sentiment analysis
techniques often fall short in capturing the subtleties and complexities of human language, motivating the
exploration of more sophisticated models.

Deep learning models, with their ability to automatically learn intricate features and patterns, offer a
promising avenue for overcoming the limitations of traditional approaches. By leveraging neural networks
with multiple layers, these models can grasp the semantics and context of language, enabling more accurate
and context-aware feedback evaluation.

1.1 Objectives of this manuscript:

1) Investigate and elucidate the various deep learning architectures employed in feedback evaluation,
including Recurrent Neural Networks (RNNs), Long Short-Term Memory Networks (LSTMs),
Convolutional Neural Networks (CNNSs), and Transformer models.

2) Explore the preprocessing steps and feature extraction methods essential for preparing textual data
for deep learning models, encompassing tokenization, word embeddings, and transfer learning.

3) Examine the diverse applications of deep learning in feedback evaluation across different domains,
such as customer reviews in e-commerce, educational feedback, healthcare narratives, and social
media sentiments.

4) Delve into the challenges inherent in applying deep learning to feedback analysis, including handling
imbalanced datasets, ethical considerations, and the pursuit of more explainable models.
Additionally, propose avenues for future research and development in this dynamic field.

Acrtificial Intelligence (Al) has revolutionized the educational landscape by introducing machine learning
methodologies aimed at personalizing the student learning experience through various platforms, including
learning management systems[1]. This transformative approach involves the integration of deep learning
and transfer learning, utilizing pre-trained concepts to address novel, similar problems[2]. Additionally,
natural language processing (NLP) methods have been instrumental in capturing student feedback,
processing it, and generating predictive insights regarding their opinions on the learning infrastructure.

Al has the capacity to reshape traditional educational infrastructures[4], impacting online tutoring, learning
management systems, curriculum development, and transitions in employment, teacher training,
assessments, and research training. The institutional data collected spans diverse formats, including textual
feedback from students and recordings in video and audio formats within classroom settings.

Chassignol et al.[5] defined Al as an activity dedicated to imbuing machines with intelligence, emphasizing
the ability to function appropriately and foresee outcomes in a given environment. Educational institutions
globally have embraced Al in various service delivery forms to students [6]. NLP, a widely employed Al
methodology for mining student opinions [7], plays a pivotal role in interpreting end-users' feedback,
providing insights that institutions invest resources and time to comprehend. NLP's versatility extends to
analyzing textual data in multiple languages, offering valuable perceptions and opinions on services,
products, or human experiences.
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Eggert [9] highlighted the potential of Al in education, proposing methods to enhance teaching by collecting
extensive data on students' prior knowledge, emotional states, and economic backgrounds. Intelligent
tutoring systems (ITS) within adaptive learning platforms (ALP) are pivotal components, automating routine
tasks and allowing teaching staff to focus on innovative approaches. The exposure of students to Al-driven
tools is also emphasized to prepare them for a technology-dependent future, promoting lifelong learning
through improved access to Massive Open Online Courses (MOOCs).

Holstein et al.[11] emphasized the necessity for personalized guidance in Al-enhanced classrooms, utilizing
real-time support from Al systems to identify when students require human assistance for motivation. The
challenges of involving non-technical stakeholders in the design of complex learning analytics systems were
addressed by proposing tools like Konscia, a wearable and real-time awareness tool for teachers in Al-
enhanced K-12 classrooms[12].

Analyzing student feedback in MOOC:s is underscored by Alrajhi et al. [14] as crucial for understanding the
need for instructor intervention. Chen et al.[6] conducted a comprehensive survey on the impact of Al on
education, covering various technical aspects such as assessment, grading, smart schools, and personalized
intelligent teaching.

The extensive research on Al's impact on education has led to the focus on building cognitive intelligent
systems using Al, with the initial step being the collection of student opinions and feedback on existing
educational infrastructure. Traditionally, educational institutions seek student feedback to gauge perceptions
of the teaching team and the learning experience, which can be in quantitative or qualitative formats[18].
The manual monitoring and tracking of student feedback, however, are resource-intensive and time-
consuming. NLP, with its annotation and summarization capabilities, offers a potential solution to this
challenge.

This study delves into NLP methodologies applicable to the education domain, exploring existing
methodologies, challenges, current trends, and the adoption of NLP methodologies from other disciplines.
The contributions of this research include an enhanced understanding of Al's impact on education, the
synthesis of NLP methodologies for annotating student user feedback, and an exploration of trends and
challenges in NLP for adoption in the education domain. The subsequent sections provide a detailed
exploration of feature extraction techniques, topic modeling, challenges in adopting NLP in education, and a
discussion on the presented work. The paper concludes with limitations and outlines future directions for the
study.

Il. DEEP LEARNING ARCHITECTURES FOR FEEDBACK EVALUATION

Deep learning architectures have gained significant attention and success in various natural language
processing (NLP) tasks, including feedback evaluation. These architectures leverage neural networks with
multiple layers (deep neural networks) to automatically learn hierarchical representations of data, enabling
them to capture intricate patterns and relationships in feedback text.
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Figure 1 :Deep Learning Architectures for Feedback Evaluation
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Here are some deep learning architectures commonly used for feedback evaluation:

1. Recurrent Neural Networks (RNNs):

Recurrent Neural Networks are a class of neural networks designed for sequential data processing[20]. In the
context of feedback evaluation, RNNs can capture the temporal dependencies present in feedback texts. The
ability to maintain a hidden state that considers previous information makes RNNs suitable for tasks where
the order of words or context is crucial.

Rotate anti-clockwise and A
compress the layers c
B

’

Input Layer Hidden Layers Qutput Layer
Figure 1 : Recurrent Neural Networks designed for sequential data processing
2. Long Short-Term Memory Networks (LSTMs):
LSTMs are a specialized form of RNNs designed to overcome the vanishing gradient problem. This problem
often hinders the learning of long-term dependencies in sequential data[22]. LSTMs maintain a memory cell,
allowing them to capture and store information for longer periods. In feedback evaluation, LSTMs can
effectively handle the contextual nuances in longer feedback texts.
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Figure 2 : General scheme of an Long Short-Term Memory neural networks (LSTM)

3. Gated Recurrent Units (GRUSs):

GRUs are another variant of RNNs designed to address the limitations of traditional RNNs. They have a
simplified structure compared to LSTMs, making them computationally more efficient[21]. GRUs are
suitable for capturing dependencies in sequential data and can be applied to feedback evaluation tasks where
a balance between performance and efficiency is essential.
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Figure 3 : Gated Recurrent Units (GRUSs) Architecture
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4. Convolutional Neural Networks (CNNs):

Originally developed for image processing, CNNs have been successfully adapted for natural language
tasks, including feedback evaluation. In this context, CNNs can be applied to capture local patterns and
features within feedback texts[16]. By employing convolutional layers, CNNs excel at identifying
significant phrases or expressions that contribute to the overall sentiment or opinion.

Figure 4 : Convolutional Neural Network (CNN) Architecture
5. Transformer Models:
Transformer models, such as BERT (Bidirectional Encoder Representations from Transformers) and GPT
(Generative Pre-trained Transformer), have become prominent in natural language processing tasks[20].
These models use attention mechanisms to process input data in parallel, making them highly efficient.
Transformer models excel in capturing contextual information and understanding the relationships between
words, making them well-suited for feedback evaluation tasks.
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Figure 5 : Transformer Models and BERT Model: Overview
6. Attention Mechanisms:
Attention mechanisms have been integrated into various neural network architectures, including RNNs and
Transformers. These mechanisms enable the model to focus more on certain parts of the input sequence,
allowing it to assign different weights to different words or phrases[23]. Attention mechanisms are
beneficial for feedback evaluation as they enable the model to give more significance to specific aspects of
the feedback that contribute to the overall sentiment or opinion.
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Figure 6 : Attention Mechanisms In RNNs
These deep learning architectures play a crucial role in advancing the field of feedback evaluation by
providing models with the capacity to understand the contextual nuances, dependencies, and hierarchical
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structures present in natural language feedback. The choice of architecture depends on the specific
characteristics of the feedback data and the goals of the evaluation task.

1. METHODOLOGY

To prepare textual data for traditional machine learning algorithms or techniques like topic modeling, it is
imperative to undergo feature extraction and feature selection as crucial preprocessing steps. This
transformation converts the students' feedback data into quantitative vector formats. This section delves into
the existing methods employed in feature extraction, feature selection, and topic modeling.

3.1. Feature Extraction

Feature extraction techniques play a pivotal role in preparing students' feedback data for machine learning
modeling, especially in the realm of Natural Language Processing (NLP). Within NLP, various feature
extraction methods are utilized, including Bag of Words (BoW), Term Frequency-Inverse Document
Frequency (TF-IDF), and Word Embedding[22].

1) Bag of Words (BoW)[22]It represents a prevalent feature extraction method involving a vocabulary
of known words and a measurement of their presence in a document. BoW is solely concerned with
the existence of known words, disregarding the structure or order of words in a document, thereby
overlooking the context [24].

2) TF-IDF[25] Itestimates the importance of each word or term in a document based on their weights
[26]. The Inverse Document Frequency (IDF) of a word indicates its commonality or rarity in a
corpus. A lower IDF value signifies greater commonality in a corpus.

3) Word Embedding [27] It is a learned representation of text with similar meaning, contributing to
generalization and dimensionality reduction. Common word embedding techniques include
Word2Vec, GloVe, Doc2Vec [28], and Bidirectional encoder representations from transformers
(BERT) [29]. The Word2Vec algorithm, for instance, builds on a neural networks model to discern
word associations from a large text corpus. It can detect synonymous words and suggest additional
words for incomplete sentences. Word2Vec assigns dimensions to each word based on its occurrence
context in a sentence, grouping words with similar contexts in a vector space. GloVe combines
matrix factorization and latent semantic analysis (LSA), and Doc2Vec generates numeric
representations of documents. BERT, being a pre-trained deep bidirectional model, can dynamically
produce word representations based on the surrounding words[30].

In the judgment conducted by Waykole et al.[31] different feature extraction techniques such as container of
words, TF-IDF, and Word2Vec were compared using machine learning algorithms like logistic regression
and random forest classifier, revealing Word2Vec as a superior feature extraction technique. Similar
comparisons in other studies, such as those by Deepa et al.[32], demonstrated the effectiveness of feature
extraction techniques like count vectorizer, Word2Vec, and TF-IDF, outperforming dictionary-based
methods like valence-aware dictionary and sentiment reasoner (VADER) and SentiWordNet. Notably, count
vectorizer achieved the highest classification accuracy of 81%. Twitter text analysis, akin to students'
feedback for open-ended questions in educational institutions, benefits from these feature extraction
techniques.

TF-IDF feature extraction generates high-dimensional feature vectors in a large text corpus[33]. In a study
evaluating TF-IDF extraction, dimensionality reduction techniques such as latent semantic analysis (LSA)
and linear discriminant analysis (LDA) were applied. The research concluded that TF-IDF outperformed the
other two approaches (TF-IDF LSA and TF-IDF LDA) with larger datasets. In instances of smaller datasets,
TF-IDF and TF-IDF LSA achieved comparable accuracy, while TF-IDF LDA faced challenges in accurate
representation.

In the domain of deep learning, models such as LSTM, LSTM+ATT, multi-head ATT, and fusion have been
compared for accuracy in text classification[35], showcasing varying levels of performance. Additionally,
Zhang et al. [36] proposed a fine-tuned BERT model for sentiment analysis of student feedback to courses,
integrating grammatical constraints and double attention layers for enhanced sentiment analysis. Masala et
al. [37] utilized the BERT model to extract keywords from student feedback, reducing the feedback text by
59% with a marginal increase in mean average error. Wu et al.[38] introduced pre-trained word embedding
to automatically create clusters for homogeneous and heterogeneous student groups based on their
knowledge, facilitating collective feedback and collaborative learning, respectively.
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Figure 7 : Feature Extraction Machine Learning
Feature extraction methods typically disassemble students' feedback data into word tokens to facilitate
semantic and grammatical analysis. Neural network-based Bag of Words (Bow), TF-IDF for word
frequency, and word embedding techniques like Word2Vec, GloVe, Cove, and BERT aid in reducing the
dimensionality of words while grouping those with similar contexts. The effectiveness of these feature
extraction methods is often gauged through comparisons involving machine learning and deep learning

methodologies[27][28][31][34][36][39].

3.2 Feature Selection

Feature selection is a crucial process aimed at reducing data dimensionality in terms of features, thereby
preserving or enhancing the performance of a machine learning algorithm. The primary objective is to
simplify a model's complexity while consistently maintaining accuracy. With n features in a dataset, the
potential number of feature subsets becomes 2”n, and an increase in feature count could render modeling
infeasible[40][41]. Evaluating the stability or robustness of feature subsets involves grouping similar
features, considering all feature subsets, eliminating non-contributing features, and examining the size of
feature subsets. Feature subset evaluation methods broadly fall into three categories: filters, wrappers, or
embedded methods[42][43].

1) Filter Methods

Filter methods focus on ranking key features and selecting highly representative features by setting a
threshold[44]. As illustrated in Figure 1, these methods rank and select features before actual modeling,
filtering out low-importance features prior to training a model. The feature importance technigue assesses
two measures: predictive power and redundancy. Predictive power, measured through correlation criteria or
dependence measures such as mutual information, ¥2 statistic, Markov blank, and minimal-redundancy-
maximal-relevancy techniques, gauges a feature's correlation with the target variable(s). Redundancy, on the
other hand, detects redundant features by evaluating relevant measures among independent variables. For
instance, Wang[45] presented a redundant feature analysis method, identifying the most relevant features for
predicting target variables and estimating redundancy in other features using these relevant features.

2) Wrapper Methods

Wrapper methods actively search for a subset of features using a predefined classifier, and the performance
of this subset is then evaluated using predefined classifiers[44]. In wrapper methods, a machine learning
algorithm enhances feature selection performance. As depicted in Figure 2, a subset of features is selected
and trained by a classifier with the selected features. Subsequently, the classifier's performance is assessed.
An example of a wrapper method is Sequential Forward Selection (SFS), a greedy search algorithm that
iteratively extracts an optimal subset of features based on classifier performance. This iterative selection
process involves sequentially choosing features from the pool of all features.

3) Embedded Methods

Embedded methods typically combine filter and wrapper methods[46], addressing the challenges of low
accuracy in filter methods and slow computation speed in wrapper methods. These methods analyze
optimum features contributing to the classifier's accuracy. As depicted in Figure 3, embedded methods
estimate the performance of each subset of features. Regularization, one of the most common embedded
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methods, aims to reduce overfitting or variance by adding a penalty against model complexity, particularly
for L1 regularization methods [47].

Parlar et al. [48]introduced a Query Expansion Ranking (QER) method for feature selection, comparing it
with other methods such as information gain, Chi-square, document frequency difference, and optimal
orthogonal centroid. They tested the model on English and Turkish review databases, demonstrating the
superiority of the proposed feature selection method, particularly in the Naive Bayes multinomial classifier.
Similarly, feature selection was applied by Pong-Inwong et al. [49] in a teaching evaluation system using a
filter method, reducing the number of attributes to 18 based on Chi-Square value. Machine learning
algorithms, including ID3, J48, and Naive Bayes, were then employed for student feedback classification,
with the ensemble learning approach outperforming traditional algorithms with an accuracy of 87.16%.
Gutiérrez et al.[50] proposed a social mining model architecture for enhancing learning and e-learning
quality based on students’ feedback analysis. In their feature selection process, they used the random forest
importance measure method to compute weights for each word, subsequently filtering them based on higher
weights. The selected features were then fed into Support Vector Machine (SVM) classifiers with various
kernels, and the SVM model with a radial kernel outperformed others with an accuracy of 85.17%.
Additionally, Soukaina et al.[51] employed an information gain filter method for feature selection in an
optimized sentiment analysis approach for students' feedback. Comparing SVM, random forest, and Naive
Bayes classifiers before and after feature selection, random forest exhibited dominance before selection,
while SVM outperformed with an accuracy of 85.9% after the feature selection.

Filter Method ———» Features Subset —>» Prediction Model
Wrapper Method —————| Features Subset Samples — Prediction Model

Evaluation
Embedded Method

Feature Evaluation

l I

Prediction Model

Figure 8: Feature Selection Methods for Machine Learning
Feature selection approaches exhibit noise resistance and aid in excluding irrelevant data, contributing to
more effective data modeling. Modern feature selection methods have been proposed and compared with
existing methods using machine learning methodologies[48][52].

3.3 Topic Modeling

Topic modeling refers to an automated procedure that employs machine learning techniques for text data to
scrutinize a collection of documents, identifying grouped words [53][54]. In contrast to supervised methods,
this technique doesn't necessitate training to categorize words within the corpus, operating as an
unsupervised machine learning approach[55]. The principal objective of topic modeling is to partition a
corpus of documents into clusters, revealing a list of encompassed topics. Subsequently, different sets of
documents are organized based on the topics they cover. These techniques fall into two overarching
categories: probabilistic and non-probabilistic models [56][57].

1) Non-Probabilistic Models

Non-probabilistic models involve algebraic approaches such as matrix factorization. Examples of these
models include Latent Semantic Analysis (LSA) and Non-negative Matrix Factorization (NMF)[58]. Both
LSA and NMF operate on Bag-of-Words (BoW) principles, where a corpus is transformed into a term-
document matrix to capture term frequencies, disregarding the term order. LSA, an algebraic method,
constructs a matrix representing words in a corpus, assuming that similar words are closely situated in the
text[59]. It utilizes Single Value Decomposition (SVD) to reduce the number of words while preserving a
similar structure. Text similarity is calculated using vector representation, and the texts are organized into
semantic clusters. NMF transforms high-dimensional data into low-dimensional data without negative
components, functioning as positive matrix factorization (PMF). This unsupervised technique extracts
pertinent information without prior insights into the original data [60].
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2) Probabilistic Models

Probabilistic models are entirely unsupervised approaches designed for latent Dirichlet Allocation (LDA)
modeling and semi-supervised learning in probabilistic latent semantic analysis [61]. Probabilistic Latent
Semantic Analysis (PLSA) is developed to identify the semantic co-occurrence of words or terms in a
corpus[62]. Based on the initial statistical model revealing semantic co-occurrence in a document-term
matrix, PLSA determines the number of topics, the probability of a topic, and the likelihood of a document
containing the topic. It groups unknown topics in every existing document. LDA, a widely used technique in
topic modeling, is constructed based on De Finetti’s theorem, stating that positively correlated exchangeable
observations are conditionally independent relative to some latent variable [63]. LDA captures inter and
intra-document statistical structures, assuming a predefined number of topics in a corpus, with each
document having a distinct proportion of the topics. It operates as a hidden variable model, revealing latent
patterns in gathered data within a corpus.

To investigate the needs and perceptions of international students, Adriana et al.[70] Proposed a
probabilistic topic model approach using LDA. Utilizing the machine learning for language toolkit
(MALLET) [71], 20 topics were chosen based on 59,662 reviews. These topics encompassed language
skills, convenient accommodation, weather, academic burdens, interesting courses, and more, ordered by
their weight in the composition of the entire set of reviews. In the strategic planning for a university to
enhance student enrollment, knowledge mining on online reviews was conducted using ensemble LDA
(eLDA)[72]. The study employed multiple LDA models trained in parallel to extract the probabilistic score
of words related to each generated topic. The held-out data were labeled using the trained LDA model and
manually annotated with prior knowledge of identified topics in the database.
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Figure 9 : Topic Modeling and Latent Dirichlet Allocation (LDA) using Gensim
3.4 Text Evaluation
In this subsection, we delve into NLP applications such as text summarization, document categorization, text
annotation, and knowledge graphs.
1) Text Summarization
The exponential increase in student feedback collection in educational institutions has made content
consolidation and resource extraction a laborious task. Text summarization techniques address this challenge
by providing concise summaries of feedback, categorized into extractive, abstractive, and hybrid
approaches.
Recent studies have explored different models for extractive summarization. Madhuri et al [100]. proposed a
statistical method that assigns weights to each token based on its frequency, achieving high accuracy when
compared to human summaries [99]. Fan et al. introduced Course MIRROR, employing automatic text
summarization to aggregate students' feedback, outperforming existing techniques [100].
For abstractive summarization, Song et al. proposed a deep learning-based framework using LSTM-CNN,
outperforming existing models in terms of evaluation metrics [101].
2) Document Categorization
Document categorization, or text classification, involves classifying the content, intent, and sentiment within
a document into predefined labels. Li et al. integrated LSTM and CNN models for Chinese text
classification, achieving high accuracy on benchmark datasets[19].
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3) Entity Extraction

Entity annotation involves identifying named entities, parts of speech, and key phrases within a text. Dess et
al. proposed an architecture for extracting entities and relations among entities, employing a deep learning
model and entity detection module [102].

4) Knowledge Graphs

Knowledge graphs represent information abstractly and integrate data from various sources. Shi et al.
proposed a learning path recommendation model based on a multidimensional knowledge graph framework,
facilitating a well-organized learning path for students [103].

5) Sentiment Annotation

Sentiment annotation, a trending area in NLP, involves labeling emotion, opinion, and sentiment in a text.
Kandhro et al. proposed an LSTM model for sentiment analysis, achieving high accuracy for positive and
negative sentiment classification [104]. Hien et al. used NLP techniques to extract context and intention in
student queries, achieving notable F1-scores for intent identification and context extraction [105].

Text annotation was utilized in a study on students' opinions in higher education, implementing the
MATTER methodology for annotation, evaluation, and inter-rater agreement assessment [106].
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Figure 10 : Text Summarization in Natural Language Processing

IV. ANALYSIS OF SENTIMENT AND OPINION MINING

4.1 The Importance of Sentiment Analysis in Evaluating Feedback

Sentiment Analysis plays a crucial role in the assessment of feedback. Utilizing Natural Language
Processing (NLP) techniques, it examines the emotional tone and attitude conveyed in textual data. In the
realm of feedback evaluation, it facilitates the automated identification and categorization of sentiments, be
they positive, negative, or neutral. This approach empowers institutions and organizations to gain valuable
insights into the overall sentiment of feedback, fostering an understanding of stakeholders' perceptions and
responses.

Effective Sentiment Analysis in feedback evaluation presents several benefits:

1) Automated Processing: Sentiment Analysis automates the laborious task of manually reviewing and
categorizing each piece of feedback, allowing swift and efficient analysis of extensive datasets.

2) Insight Generation: It provides a deeper comprehension of the sentiments expressed by individuals,
enabling organizations to pinpoint specific areas of satisfaction or concern. This insight proves
invaluable for making data-driven decisions.

3) Trend ldentification: By scrutinizing sentiments over time, organizations can discern trends and
patterns in feedback. Recognizing evolving sentiments aids in proactive decision-making and the
development of targeted interventions.

4) Enhanced Customer Experience: In customer-centric domains, Sentiment Analysis assists in
gauging customer satisfaction and dissatisfaction levels. This information can be utilized to refine
products, services, or communication strategies, ultimately enhancing the overall customer
experience.
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4.2 Techniques in Opinion Mining

Opinion Mining, also referred to as sentiment mining or sentiment analysis, involves the application of
diverse techniques to extract subjective information from textual data.

Commonly used techniques in Opinion Mining include:

1) Lexicon-Based Approaches: These methods rely on predefined dictionaries or lexicons containing
words associated with positive or negative sentiments. The sentiment of a text is determined by
analyzing the presence of these words.

2) Machine Learning Models: Supervised machine learning models like Support Vector Machines
(SVM) and Naive Bayes can be trained on labeled datasets to classify text into different sentiment
categories. Unsupervised learning methods, such as clustering, are also applicable in Opinion
Mining.

3) Deep Learning Techniques: Neural networks, especially Recurrent Neural Networks (RNNs) and
Long Short-Term Memory (LSTM) networks, are increasingly employed for sentiment analysis tasks
due to their ability to capture contextual information in sequential data.

4) Aspect-Based Opinion Mining: This technique goes beyond overall sentiment analysis to identify
sentiments associated with specific aspects or features of a product, service, or experience, providing
a more detailed understanding of opinions.

4.3 Aspect-Oriented Sentiment Evaluation

Aspect-Based Sentiment Analysis (ABSA) is a specialized form of sentiment analysis that focuses on
extracting sentiments related to specific aspects or features within a text. ABSA proves particularly valuable
in feedback evaluation, allowing for a more detailed examination of sentiments associated with different
elements of a product, service, or experience.

Key components of Aspect-Based Sentiment Analysis include:

1) Aspect Extraction: ldentifying and extracting the aspects or features mentioned in the text
associated with sentiments.

2) Sentiment categorization: Determining the response polarity (positive, negative, or neutral)
articulated for each acknowledged portion.

3) Contextual Understanding: Considering the context in which aspects and sentiments are expressed,
as the same aspect may elicit different sentiments based on the surrounding content.

4) Aspect-Based Sentiment: Analysis provides organizations with a nuanced view of stakeholder
opinions, facilitating targeted improvements and strategic decision-making based on specific aspects
of interest.

V. CASE STUDIES AND APPLICATIONS

5.1 Customer Feedback in E-commerce

In the realm of e-commerce, the analysis of customer feedback is crucial for understanding customer
satisfaction, improving products, and enhancing overall user experience. Sentiment analysis and opinion
mining techniques are employed to extract valuable insights from customer reviews, ratings, and comments.
By categorizing sentiments expressed in feedback, e-commerce platforms can identify popular products,
address customer concerns, and tailor marketing strategies to meet consumer expectations.

Case Study Example:

A major e-commerce platform utilized sentiment analysis to categorize customer reviews. Positive
sentiments were associated with features like fast delivery, product quality, and user-friendly interfaces,
while negative sentiments highlighted issues such as shipping delays, damaged products, or difficulties in
the purchasing process. This analysis not only informed the platform about customer satisfaction but also
guided improvements in logistics, packaging, and website functionality.

5.2 Educational Feedback Analysis

In the educational sector, feedback analysis is employed to assess the effectiveness of teaching methods,
course content, and overall learning experiences. Natural Language processing techniques, including
sentiment analysis and topic modeling, are utilized to extract meaningful information from student feedback.
This aids educators and institutions in identifying areas of improvement, optimizing course structures, and
enhancing the learning environment.

Case Study Example:

A university implemented sentiment analysis on student feedback to gain insights into the overall
satisfaction of courses. Positive sentiments were associated with engaging lectures, helpful resources, and
supportive faculty, while negative sentiments pinpointed areas requiring attention, such as challenging

IJCRT2311629 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 340


http://www.ijcrt.org/

www.ijcrt.org © 2023 IJCRT | Volume 11, Issue 11 November 2023 | ISSN: 2320-2882

assessments or unclear instructions. This feedback analysis enabled the university to make targeted
adjustments to curriculum design and teaching methodologies.

5.3 Healthcare and Patient Feedback

Patient feedback in the healthcare sector is invaluable for improving medical services, ensuring patient
satisfaction, and enhancing overall healthcare experiences. Sentiment analysis and opinion mining are
applied to patient reviews, survey responses, and online comments to discern sentiments related to
healthcare facilities, medical staff, and the effectiveness of treatments.

Case Study Example:

A hospital employed sentiment analysis on patient feedback to understand the sentiments associated with
different departments and services. Positive sentiments were linked to caring and competent staff, efficient
processes, and successful treatments. Negative sentiments highlighted issues such as long wait times,
communication challenges, or concerns about facility cleanliness. This analysis guided the hospital in
implementing changes to enhance patient care and satisfaction.

5.4 Social Media Comments and Reviews

Social media platforms serve as vast sources of opinions and sentiments, making sentiment analysis crucial
for understanding public perceptions. Brands and organizations leverage sentiment analysis to gauge
reactions to their products, campaigns, or events. This enables them to adapt marketing strategies, address
public concerns, and maintain a positive brand image.

Case Study Example:

A company monitored social media comments and reviews to assess the reception of a new product launch.
Sentiment analysis helped categorize responses into positive, negative, or neutral sentiments. Positive
sentiments were associated with product features, while negative sentiments highlighted issues such as
pricing concerns or product functionality. This real-time feedback guided the company in making quick
adjustments to marketing strategies and product offerings.

V1. EVALUATION METRICS

6.1 Accuracy, Precision, Recall

Evaluation metrics play a crucial role in assessing the performance of models and systems used for feedback
evaluation. The following metrics are commonly employed:

1) Accuracy: This metric measures the overall correctness of the system by calculating the ratio of
correctly predicted instances to the total instances. It is represented as:

\[ \text{Accuracy} = \frac{\text{Number of Correct Predictions}}{\text{Total Number of
Predictions}} \]

2) Precision: Precision quantifies the accuracy of positive predictions made by the system. It is
calculated as the ratio of true positive predictions to the total positive predictions (both true positives
and false positives):

\[ \text{Precision} = \frac{\text{True Positives}}{\text{True Positives + False Positives}} \]

3) Recall (Sensitivity): Recall evaluates the ability of the system to capture all relevant instances,
measuring the ratio of true positive predictions to the total actual positives (true positives and false
negatives):

\[ \text{Recall} = \frac{\text{True Positives}}{\text{True Positives + False Negatives}} \]

6.2 F1 Score

The F1 score is the harmonic mean of precision and recall. It provides a balanced assessment of a system's
performance by considering both false positives and false negatives. The Following formula for F1:

\[ F1\, \text{Score} = \frac{2 \times \text{Precision} \times \text{Recall}}{\text{Precision + Recall}} \]

6.3 Area under the Receiver Operating Characteristic (ROC-AUC)

In cases involving binary classification, where systems predict positive or negative outcomes, the ROC-
AUC metric is employed. The Receiver Operating Characteristic (ROC) curve visualizes the trade-off
between true positive rate (sensitivity) and false positive rate. The Area under the Curve (AUC) quantifies
the overall performance of the model.
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6.4 Challenges in Defining Metrics for Feedback Evaluation

Defining appropriate metrics for feedback evaluation encounters challenges due to the subjective nature of
feedback and the diversity of domains.

Challenges include:

1) Subjectivity: Feedback often contains subjective elements, making it challenging to establish a
universal metric that accurately captures its nuances.

2) Multi-dimensional Evaluation: Feedback may encompass various dimensions such as sentiment,
relevance, and specificity, requiring a combination of metrics to provide a comprehensive evaluation.

3) Context Dependency: Metrics need to consider the context of feedback and the goals of evaluation.
What is considered a successful prediction may vary based on the application.

4) Imbalance in Data: Class imbalance, where one class significantly outnumbers the other, can affect
the effectiveness of metrics. In such cases, alternative metrics like precision-recall curves may be
more informative than accuracy.

5) Dynamic Nature of Feedback: Feedback can evolve over time, and metrics need to adapt to
changing patterns and sentiments.

VII. CHALLENGES AND FUTURE DIRECTIONS

This section delves into the challenges associated with implementing NLP techniques in the education

domain.
1) Domain-Specific Language
To effectively classify academic datasets or students' feedback, a profound understanding of the core
factors within the teaching context is essential [107]. This poses a significant challenge in implementing
NLP in the education domain. Given the abundance of student feedback from diverse surveys,
questionnaires, and educational feedback portals related to course teaching or learning management
systems, NLP methodologies face the hurdle of comprehending or being trained on specific domains. Nhi
et al. [108] addressed this challenge by introducing a domain-specific NLP tailored for students, faculty
members, and universities in computer science or information technology within higher education. Their
approach involved extracting tech-related skills through named entity recognition (NER) and constructing
a personalized multi-level course recommendation system. This domain-specific NER was designed to
gather data, such as job postings, course descriptions, and information from Massive Open Online Courses
(MOOCs), from various websites. The system was enriched using an-annotated corpus from
StackOverflow and GitHub [109]. Another strategy proposed by Pashev et al. [110] involved extracting
entities and relations using MeaningCloud API and Google Translate API, calculating grades based on
relevance to teacher-created topics or auto-generated text from the subject area.
2) Sarcasm
Decoding sarcasm is a crucial aspect of NLP tasks like sentiment annotation and opinion analysis,
particularly for understanding student opinions on course structure and educational infrastructure. A
survey by [111] explicitly studied automatic sarcasm detection, highlighting the challenges and research
gaps in this area. Sarcasm detection involves three main approaches: rule-based, statistical, and deep
learning. Rule-based approaches identify sarcasm based on key indicators captured as evidence, while
statistical approaches consider features such as punctuations, sentiment-lexicon-based features, unigrams,
word embedding similarity, frequency of rare words, and sentiment flips. Traditional machine learning
algorithms and deep learning algorithms, including RNN and LSTM methods individually or in
combination with CNNs, are employed for automatic sarcasm detection. This survey provided a
comprehensive understanding of sarcasm detection.
3) Ambiguity
Ambiguity is inherent in natural languages, and its complexity increases in machine learning language
processing due to challenges in decoding context. Ambiguity can arise structurally, syntactically, or
lexically within a sentence [112]. Addressing ambiguity is crucial in feedback analysis. In a study[85],
word sense disambiguation was tackled by customizing BERT, a language representation model, and
selecting the best context-gloss pairs from a group of related pairs. The context-gloss pairs were classified
into positive and negative sentiment, and the proposed BERT model outperformed existing state-of-the-art
models.
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4) Emoticons And Special Characters

Emoticons and special characters, frequently used in students' feedback to express emotions, present a
challenge for NLP in opinion mining. Processing these emoticons and appropriately labeling them with
emotion tags is a challenging phase in NLP. In a 2020 study [113], cross-cultural reactions to the novel
coronavirus were analyzed from tweets, and sentiment polarity and emotion were detected and validated
using emoticons. A deep learning model based on LSTM, combined with feature extraction methods like
GloVe and word embeddings, was used for this analysis. Another study by Cappallo et al. [114] proposed
a dataset with real-world emojis, addressing challenges in emoji processing, anticipation, and query-by-
emoji. They utilized a Bi-LSTM model for text-to-emoji baseline results and a CNN model for image-to-
emoji, combining both for a multi-modal approach to emoticons processing.

5) Aspect-Based Sentiment Analysis

Chauhan et al. [115] highlighted that sentiment analysis tools, often underused in education, struggle to
identify opinions on different aspects. Most research focuses on classifying positive or negative sentiment
at the document level, overlooking opinions on specific aspects in student comments or feedback. Nazir et
al. [116] conducted a survey addressing issues and challenges related to the extraction of different aspects
in sentiment analysis, including explicit aspect extraction, implicit aspect extraction, aspect-level
sentiment analysis, entity-level sentiment analysis, multi-word sentiment analysis, recognition of factors in
sentiment evolution, and predicting sentiment evolution.

6) Data Imbalance

One prevalent challenge in Al [117] is data imbalance, where the number of samples in one class
surpasses that in other classes. In the realm of NLP, a subset of Al, this challenge persists. Particularly in
the education domain, obtaining massive labeled data is arduous due to the need for manual annotation by
domain experts. Even when labeled data is obtained and utilized by deep learning algorithms,
classification performance tends to be biased due to discrepancies in data distribution [118]. An effective
approach to tackle this challenge involves leveraging transfer learning [119]. This entails training a deep
learning model on an extensive corpus of student feedback to perform similar tasks on another data source.
Additional techniques to address data imbalance include sampling methods [120], such as under-sampling
majority classes or over-sampling minority classes, which may necessitate tasks related to text
augmentation [121].

VIII. DISCUSSION

In Figure 8 [122], a Gartner diagram illustrates that decision intelligence, deep learning, and knowledge
graphs have peaked, signaling their adaptability to the education domain for constructing decision support
systems. These domains efficiently analyze existing data and streamline data storage processes. Deep
learning methods, requiring minimal expertise in the application domain, can construct semantic networks to
store interlinked entity data within a domain. The projected shift of 70% of organizations from big to small
and wide data by 2025 underscores the need for diverse, structured, and unstructured data sources [123].
NLP, as an integral component of Al, facilitates the comprehension of human language, enabling the
understanding of opinions and feedback. Educational institutions stand to gain significantly from adopting
NLP methods to enhance the student learning experience, personalized learning management systems [9],
and teacher training. This transformation exposes students to Al-driven tools. The purpose of Al in learning
extends to an assortment of areas, including well-dressed classrooms with video and audio data annotation
[124][125], NLP for textual data annotation, classification, summarization, and image processing for gesture
detection [126][127] . While this study primarily focuses on NLP methodologies, it is crucial to note that
even research articles indirectly related to Al in education can be adapted for educational purposes.

Holmes et al. [128] addressed the challenges and future implications of Al in education, emphasizing two
key questions: "What we teach™ and "How we teach it." "What we teach™ pertains to the learning goals,
emphasizing versatility, relevance, and transferability. Strategies to achieve these goals include selective
emphasis on traditional knowledge areas, incorporation of modern knowledge, interdisciplinary concepts,
embedded skills, and meta-learning. The question of "How we teach it" involves the transformation and
enhancement of education through Al. The authors differentiated between educational technology, aimed at
amending the field's taxonomy and ontology, and Al in education, which involves a layered framework
encompassing substitution, augmentation, modification, and redefinition. This framework seeks to enhance
and transform education, moving beyond the mere enhancement of teaching practices. Intelligent tutoring
systems, incorporating domain models, pedagogy models, and learner models, were proposed to enhance
individual student learning.
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NLP techniques can be applied to feedback data using various programming languages. While different
languages offer pre-built packages for NLP tasks, Python, Java, and R programming languages are widely
employed [129]. Considerations in selecting a programming language include expertise, the availability of
libraries or package tools for NLP tasks [130]. Python [131], known for its versatility and human-like
syntax, provides a vast array of NLP packages for tasks like topic modeling, word embeddings, document
classification, and sentiment annotations. Java [132], as a platform-independent language, supports robust
architecture for comprehensive text analysis tasks such as clustering, tagging, and information extraction. R
programming language, renowned for statistical learning, is extensively used in NLP tasks, especially in
handling computationally intensive data analytics and investigating big data applications. Table 1 outlines
these three programming languages, their respective NLP packages, features, and documentation sources.

In this study, four investigate questions pertaining to NLP in learning were explored. The first question
delved into the existing methodologies used in NLP, covering data preprocessing methods, feature
extraction, feature selection, and a comprehensive discussion on machine learning and deep learning models.
Additionally, various approaches to topic modeling and student feedback topic extraction were explored.
Text evaluation techniques, such as text summarization, document categorization, text annotation, and
knowledge graphs, were extensively explained.

The second research question listening cautiously on the challenges of NLP in the teaching domain. Generic
NLP challenges, including domain-specific language, sarcasm, ambiguity, and data imbalance, pose
difficulties in presentation the latent semantic meaning of undergraduate feedback. The research community
has addressed these challenges using approaches such as Named Entity Recognition (NER), rule-based
methods, statistical techniques, deep learning, and BERT modeling. Emoticons and special characters, used
by students to express sentiment in feedback, are processed through multimodal approaches, converting
emojis to corresponding unicodes or employing image processing to determine sentiment. Aspect-based
feeling psychotherapy, also known as fine-grained emotion analysis, emerges as a trending confront in NLP
within the teaching sphere.

The third research question sought to identify trends in NLP methodologies applicable to the education
domain. Various language processing methods were discussed in detail, emphasizing the need for a
quantitative approach to train Al models. This involves preprocessing textual data into vectors using feature
extraction and feature selection techniques. Topic modeling techniques, encompassing both probabilistic and
non-probabilistic models, were explored, with Latent Dirichlet Allocation (LDA) emerging as a commonly
used technique for unsupervised topic extraction from a corpus.

The fourth research question explored the community's work from other industry applications related to
short text analysis, aiming to understand and adapt these findings to the education domain. Studies on
Twitter text analysis using VADER and SentiWordNet techniques [32][56], as well as query expansion
ranking [48], present valuable insights applicable to student feedback analysis. Approaches to analyzing
Amazon product reviews [54] and processing emojis in student comments[114] offer further perspectives for
application in higher education feedback analysis.

The discussion also highlights the distribution of references over the years (Figure 9), providing insights into
the evolving landscape of NLP in education. The references distribution (Figure 10) showcases the diverse
sources contributing to the study, reflecting a comprehensive exploration of NLP methodologies and their
applications in the education domain.

IX. CONCLUSION

This study aimed to explore existing NLP methodologies applicable or adoptable in the education domain,
providing insights into the impact of Al on education and open opportunities. The goal was to synthesize
methods for processing student feedback and annotating their views. The search results from Google Scholar
were meticulously examined to identify relevant NLP techniques. The primary objective of this investigation
was to examine the existing methodologies in Natural Language Processing (NLP) that are applicable or
adaptable within the education domain. The study aimed to shed light on the influence of Artificial
Intelligence (Al) on education and the potential opportunities it opens up. The focus was on synthesizing
techniques for processing student feedback and annotating their perspectives. The scrutiny of search results
from Google Scholar was meticulous, aiming to pinpoint relevant NLP techniques that could be applied to
student feedback or educational applications for analysis.
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Figure 9 illustrates that a significant proportion of references in this study originate from the last five years,
indicating recent advancements in NLP methodologies. Additionally, over 90% of the citations included in
this study are drawn from journal articles and conference papers. Table 2 provides a comprehensive
overview of the NLP techniques investigated in this study, along with citations from the research
community.

The review article delves into the impact of Al on education, delineating the potential for introducing Al
into educational institutions based on available opportunities. While the primary focus is on introducing
NLP methodologies for feedback analysis in education, the article explores the existing landscape of NLP
methodologies. It furnishes explanations and definitions for feature extraction, feature selection, and topic
modeling methodologies. Moreover, text evaluation techniques, including text summarization, annotation,
and knowledge graphs, are thoroughly examined, with each application defined and existing approaches
discussed. The study also addresses challenges in the adoption of NLP methodologies in the education
domain.

However, it is crucial to acknowledge certain limitations in this research. The study confines itself to Al
implementation methodologies with less emphasis on pedagogical concepts. Specific challenges related to
data, such as data scarcity and class imbalance, were not extensively discussed, despite their potential impact
on deep learning algorithms, which depend on substantial data. Furthermore, strategies for interpreting deep
learning models, often regarded as "black boxes," were not explored in depth. A promising avenue for future
research could involve an exploration of data challenges associated with extracting feedback or opinions
without compromising privacy.
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