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ARTICLE INFO ABSTRACT

Received: 28 Nov 2024 Educational feedback, particularly through reviews provided by students, serves as a cornerstone

for advancing the academic and administrative functions of Higher Education Institutions

(HEIs). The online reputation of an HEI is a critical intangible asset, and the inability to

Accepted: 01 Feb 2025 effectively address negative feedback on digital platforms can lead to significant reputational and
operational repercussions. To promote continuous institutional improvement, it is imperative to
systematically identify and interpret the sentiments expressed by stakeholders. This study
focuses on analyzing stakeholder sentiments derived from text-based feedback to offer
actionable insights that drive institutional enhancement. By employing opinion mining
techniques, the research evaluates the applicability and effectiveness of current Natural
Language Processing (NLP) methodologies in educational contexts. Furthermore, it examines
emerging trends and challenges associated with NLP adoption in the education sector, alongside
exploring the ethical and societal implications of implementing sentiment analysis within
educational feedback systems.
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1. Introduction-

Educational feedback plays a pivotal role in demonstrating program excellence to accreditation bodies, ensuring
that institutions meet quality standards and maintain their credibility. Implementing structured feedback
mechanisms such as surveys, focus groups, and exit interviews; enables institutions to collect data on key aspects
like the relevance of coursework, teaching effectiveness, and resource accessibility. This feedback serves dual
purposes: meeting accreditation requirements and providing actionable insights to drive continuous improvement.
Stakeholder feedback analysis allows institutions to make data-driven decisions regarding curriculum updates,
faculty development, and resource distribution, ultimately enhancing the overall student learning experience.

Artificial Intelligence (AI) has become a transformative tool in personalizing student learning experiences through
techniques such as machine learning (ML), deep learning, and transfer learning, which leverage pre-trained models
to address new but similar problems. Natural Language Processing (NLP), a subset of AI, has shown particular
promise in analyzing student feedback. NLP methods enable institutions to process large volumes of qualitative
feedback efficiently, extracting predictive insights about students' opinions on learning infrastructure and teaching
practices. For instance, as highlighted in [1-3], AI-driven tools can analyze textual feedback to reveal patterns and
sentiments, offering a nuanced understanding of student needs. Furthermore, adaptive learning platforms (ALPs)
have been identified as a promising application of Al in education, as discussed in [4, 5]. These platforms utilize
extensive data about students’ prior knowledge, emotional states, and socioeconomic contexts to tailor teaching
strategies. Research efforts, such as those in [6, 7], have emphasized the growing impact of Al on education, driving
the development of cognitive intelligent systems.

A crucial step in this AI integration is the systematic collection and analysis of student feedback on educational
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infrastructure, teaching methodologies, and learning environments. Traditionally, academic institutions rely on
quantitative metrics (e.g., numerical ratings) or qualitative comments to assess student perceptions. However,
manually processing such feedback is time-intensive and resource-demanding. NLP technologies, with their
advanced annotation, summarization, and sentiment analysis capabilities, offer a scalable solution to streamline
feedback processing, enabling institutions to derive actionable insights efficiently.

2. Related Work-

Aspect-level sentiment analysis and sentiment classification are essential for interpreting text-based opinions. In
their study, Research on Aspect-Level Sentiment Analysis Based on Text Comments, [8] explored affective regions
within images that elicit human emotions but noted the difficulty in assessing comparative-level sentences, where
determining polarity is particularly challenging. Similarly [9] in their research of Sentiment Analysis Using Product
Review Data, demonstrated the effectiveness of sentiment analysis at both the sentence and review levels. However,
they highlighted the challenges associated with review-level classification, especially when attempting to correlate
reviews with specific star ratings. [10] in their work Soft Computing Approaches to Classification of Email for
Sentimental Analysis, proposed clustering algorithms for email classification, noting their effectiveness in
identifying negative emails. However, the scope of future improvements remains. [11] presented a hybrid approach
in Random Forest and Support Vector Machine-Based Hybrid Approach to Sentiment Analysis, emphasizing its
superiority over individual classifiers in tracking public moods about products. [12] in a Comparative Study of
Support Vector Machine and Naive Bayes Classifier for Sentimental Analysis on Amazon Product Reviews provided
insights into multiple review factors beneficial for consumers, though their approach faced limitations with
multiple-word phrases.

Research has investigated the application of various Natural Language Processing (NLP) techniques, such as
tokenization, lemmatization, and part-of-speech tagging, to pre-process textual data for effective sentiment
classification [13]. Additionally, advanced deep learning models, including Recurrent Neural Networks (RNNs),
Long Short-Term Memory (LSTM) networks, and Convolutional Neural Networks (CNNs), have been utilized to
capture sentiment with greater contextual understanding [14]. These models enhance the system's ability to
interpret the nuanced meanings of words based on their context, leading to improved sentiment prediction accuracy.
Hybrid methods that integrate traditional NLP pre-processing with deep learning architectures have been explored
to tackle complex issues such as sarcasm detection, ambiguous sentiments, and language variations specific to
particular domains [15].

Aspect-based sentiment analysis has been leveraged to classify feedback into categories such as course content,
faculty performance, and teaching methodologies, offering educators actionable insights to improve teaching quality
and learning environments [16]. The integration of NLP and deep learning in analyzing student feedback continues
to create new opportunities for enhancing educational practices, with ongoing research advancing the sophistication
of these models [17, 18] explored various deep learning approaches and their applications across different fields but
provided limited coverage of specific deep learning methodologies. Similarly, [19] identified several deep learning
techniques and future research directions but lacked detailed data analysis and comprehensive exploration of the
methods. In addition, [20] conducted a comparative evaluation of sentiment analysis tools within educational
contexts, focusing on their accuracy, interpretability, and usability. Their findings indicated that while certain tools
perform well in specific domains, many lack transparency and fail to address cultural and linguistic diversity
adequately.

Another significant contribution comes from [21], who focused on addressing algorithmic bias in sentiment analysis
models used in education. They proposed a bias detection and mitigation framework that leverages adversarial
training techniques to improve fairness across diverse student populations. [22] provided sufficient experimental
findings but failed to clearly present research gaps. [23] compared the performance of different approaches and
proposed a model with 98.29% accuracy, but the review lacked findings and missed valuable insights. [24] presented
various tools, domains, and features but did not place enough emphasis on the merits of the methods. [25] offered
a better analysis of deep learning models' performance but did not cover the limitations of the analyzed methods.
[26, 27] examined the role of sentiment analysis in identifying at-risk students based on emotional patterns in
feedback. While their research highlighted the utility of these insights for early interventions, it also underscored
the ethical implications of monitoring emotional states without explicit consent.
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Several studies have explored the application of sentiment analysis within educational contexts, shedding light on
its potential and challenges. [28] developed a sentiment analysis framework specifically tailored for analyzing
student feedback in online courses. Their work demonstrated how such systems can enhance instructional quality
but also emphasized the risks of misinterpreting nuanced expressions of sentiment. [29] provided a good survey of
vision and challenges but failed to adequately analyze findings, research scope, and limitations. [30] offered a broad
review focusing on models and equations but did not provide sufficient analysis of research gaps, merits, and
limitations. These studies collectively emphasize the importance of ethical design, robust methodologies, and
inclusive practices in deploying sentiment analysis systems within education. They also pave the way for future
research aimed at addressing unresolved challenges and enhancing the societal impact of these technologies.

1. Recent trends in Sentiment Analysis

Sentiment Analysis highlight significant advancements driven by pre-trained language models like BERT and
GPT, enabling better contextual understanding and domain-specific adaptations such as BioBERT FinBERT [19-
22]. BERT (Bidirectional Encoder Representations from Transformers) is a groundbreaking model introduced by
Google Al in 2018. It employs a transformer-based architecture to pre-train deep bidirectional representations by
jointly conditioning on both left and right context in all layers [23]. This bi-directionality enables BERT to
understand the nuances of natural language, making it particularly effective for a wide range of NLP tasks such as
sentiment analysis, question answering, and text classification. Unlike traditional models, BERT is pre-trained on
large-scale datasets with tasks like Masked Language Modeling (MLM) and Next Sentence Prediction (NSP),
allowing it to generalize effectively. BERT's architecture has inspired numerous related models, including RoOBERTa,
ALBERT, and DistilBERT. RoBERTa (Robustly Optimized BERT) refines BERT by removing the NSP task and
optimizing hyperparameters [31-33], achieving better performance. ALBERT (A Lite BERT) introduces parameter
sharing and factorized embeddings to reduce memory consumption and training time. DistilBERT, a distilled
version of BERT, reduces the model's size while retaining most of its performance, making it suitable for resource-
constrained environments. These models have collectively revolutionized NLP, enabling state-of-the-art results
across a wide spectrum of applications.

Multimodal SA, combining text, audio, and visual data, is gaining traction, particularly in social media and video-
based analysis. Aspect-based sentiment analysis (ABSA) offers granular insights by focusing on sentiments toward
specific aspects, while cross-lingual models and few-shot learning address challenges in low-resource languages
[21]. Real-time SA, powered by big data frameworks, facilitates sentiment tracking during live events. Emphasis on
explainability through methods like LIME and SHAP enhances trust, while handling sarcasm, noisy text, and
evolving sentiment dynamics remains an active area of research [34, 35]. Fine-grained emotion analysis
distinguishes sentiments from specific emotions, and ethical concerns such as bias mitigation and privacy are
increasingly prioritized. Despite progress, challenges in cultural nuance understanding and resource efficiency call
for further innovation.

Recent studies have concentrated on overcoming challenges such as sarcasm, irony, and noisy text by employing
advanced techniques like graph-based models, character-level embeddings, and denoising algorithms to enhance
robustness. Fine-grained emotion analysis has emerged as a key area, distinguishing broad sentiments (positive,
negative, neutral) from specific emotions (e.g., joy, anger, fear) through multilabel classification approaches [36,
37]. Temporal sentiment analysis is also gaining traction, focusing on the evolution of sentiments over time, with
applications in areas like stock market forecasting and consumer behavior studies. Ethical considerations are now
a central focus, with efforts directed toward mitigating biases in training datasets and pre-trained models. Privacy
concerns are being addressed through approaches such as federated learning, which minimizes the sharing of
sensitive data [38]. Despite notable advancements, challenges remain, including interpreting cultural nuances,
managing complex contextual information, and reducing the computational demands of large-scale models.

The future of sentiment analysis is likely to prioritize enhancing model efficiency, expanding multilingual and cross-
cultural capabilities, and integrating sentiment analysis with broader AI systems to deliver deeper, real-time
insights. In the context of Natural Language Processing (NLP) for educational feedback systems, sentiment analysis
and related techniques are being increasingly utilized to improve teaching methodologies and optimize learning
experiences.
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2. Sentiment Analysis Approaches

Sentiment analysis (SA), a subset of Natural Language Processing (NLP) and Machine Learning (ML), involves
examining text through various techniques and algorithms. These include rule-based methods, ML algorithms like
Naive Bayes and Support Vector Machines (SVM), and advanced deep learning models such as Convolutional Neural
Networks (CNN) and Recurrent Neural Networks (RNN). Social media like Twitter, with its real-time updates and
extensive global user base of over 330 million active users, has become a key platform for sentiment analysis
research, offering a rich source of data for researchers [30, 34].

Numerous studies have explored different methodologies for sentiment analysis, including lexicon-based
techniques, ML algorithms, and deep learning approaches. However, the rapid evolution and innovation of social
media present both challenges and opportunities for conducting sentiment analysis of data. This study compares
two widely used methods for sentiment analysis on students’ feedback:

1. Lexicon-Based Approach
2. Machine Learning (ML) Approach

A comprehensive analysis of these methods has been conducted, focusing on aspects such as process workflows,
training time, computational complexity, evaluation metrics, and accuracy. This research provides an in-depth
evaluation of the datasets available for sentiment analysis [35]. Figure 1 illustrates the subcategories of these two
predominant approaches, offering insights into their respective methodologies.
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Figure 1- Sentiment Analysis Approaches

With research concentrating on feature selection, domain adaption, and aspect-based sentiment analysis, the
employment of ML algorithms, lexicon-based techniques, and deep learning models has grown in popularity. They
are widely used in recent researches on SA to measure the behaviour of the common people.

3.1 Lexicon-Based Approach

The lexicon-based approach to sentiment analysis involves determining the sentiment of a text by utilizing a
predefined list of words, each assigned a corresponding sentiment score [36]. These scores are numerical values
representing the intensity of sentiment, where positive scores reflect positive sentiments and negative scores
indicate negative sentiments. The lexicon can be created manually or generated automatically using machine
learning techniques. Typically, it consists of a curated set of words known to express positive or negative emotions,
with each word assigned a score based on its sentiment strength [37].

To evaluate the sentiment of a given text, the lexicon-based method sums the sentiment scores of all words present
in the text [28]. This approach is relatively simple to implement and requires less training data compared to machine
learning methods. However, it may be less accurate because it does not account for word context or the relationships
between words within a sentence [13]. Despite these limitations, lexicon-based techniques are widely employed in
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applications such as social media monitoring and political sentiment analysis.
3.2 Machine Learning Approach

ML approaches have gain popularity for semantic analysis because they can learn from vast volumes of data without
being explicitly trained [11]. Supervised learning, unsupervised learning, transfer learning and reinforcement
learning are few sub categories of ML approaches. There are some examples of typical ML approaches for semantic
sentiment analysis:

i. Supervised Learning: This method involves training a model on a labeled dataset, where each input text is paired
with its corresponding sentiment label [12]. The model learns to identify textual patterns linked to specific
sentiment labels, enabling it to classify new, unlabeled data accurately.

ii. Unsupervised Learning: In this approach, the model is not provided with labeled data. Instead, it identifies
patterns, structures, or relationships within the data autonomously. This technique is often used for tasks such
as clustering related documents or identifying underlying themes [14-17].

iii. Deep Learning: This technique utilizes multi-layered neural networks capable of learning complex patterns and
relationships within data. Deep learning models have been effectively applied to tasks such as sentiment analysis,
natural language processing, and speech recognition [23, 26, 27].

3. Ethical and Societal Implications

The integration of sentiment analysis into educational feedback systems has gained traction as a method to enhance
teaching and learning experiences. By analyzing textual feedback from students, educators can gain insights into
learners' emotions, attitudes, and perceptions. However, the deployment of such systems raises significant ethical
and societal concerns, necessitating a comprehensive examination of their implications.

4.1 Ethical Implications

1. Privacy and Data Security: Sentiment analysis often relies on personal data, such as written feedback, which may
contain sensitive information. Research stresses the importance of implementing strong data anonymization
techniques to safeguard privacy and prevent potential breaches [37]. Ethical guidelines, including compliance with
regulations like the General Data Protection Regulation (GDPR), are emphasized as vital to ensure responsible data
processing [38].

2. Bias and Fairness: Algorithmic bias presents a significant challenge in sentiment analysis. Machine learning
models can unintentionally reinforce or exacerbate biases present in training datasets, leading to unfair assessments
of certain demographic groups [10]. Researchers advocate for the use of diverse, representative datasets and routine
audits to reduce bias and ensure fairness.

3. Transparency and Interpretability: The lack of transparency in how sentiment scores are generated can erode
trust in the system. Educators and students may question the accuracy and fairness of the results if the algorithms
are perceived as opaque or operate as "black boxes" [39]. The adoption of explainable AI techniques is suggested to
address this concern, allowing stakeholders to understand the reasoning behind sentiment classifications.

4. Consent and Autonomy: The collection and analysis of student feedback raise important ethical considerations
regarding informed consent. Studies underscore the need for clear communication about how data will be used,
ensuring that participation is voluntary and that students maintain control over their feedback [40].

4.2 Societal Implications

1. Effect on Teacher-Student Interactions: The implementation of sentiment analysis in educational feedback can
significantly influence the relationship between teachers and students. While it offers valuable insights for
enhancing teaching strategies, there is a concern that an over-reliance on quantitative data might depersonalize
the feedback process, diminishing the human element in communication [39, 40].

2. Ensuring Equity in Educational Outcomes: There is a potential risk that sentiment analysis systems could
exacerbate existing inequalities within the education system. Students from underrepresented linguistic or
cultural backgrounds may face misinterpretation of their sentiments due to language nuances, highlighting the
need for algorithms that are culturally aware and inclusive in their design [41, 42].
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3. Normalization of Surveillance Practices: The integration of sentiment analysis into education is part of the wider
trend of increased surveillance in society. Critics contend that such practices could normalize monitoring and
hinder students' ability to express themselves freely, raising concerns about the erosion of privacy and autonomy
[22, 24].

4. Impact on Policy and Curriculum Development: Insights gained from sentiment analysis can play a significant
role in shaping educational policies and curriculum frameworks. However, there is a risk that an excessive focus
on emotional metrics may detract from academic rigor, leading to a less balanced approach to curriculum design
and policy formation [17].

4. Mitigation Strategies

Educational institutions should establish well-defined ethical guidelines for the use of sentiment analysis in their
systems. These guidelines should outline acceptable data collection methods, prioritize data minimization, and
encourage the responsible development of algorithms [11-15]. To tackle these ethical and societal concerns of
feedback evaluation, we suggest various approaches:

a) Feedback designers must ensure that questions included must account for linguistic and cultural diversity to
prevent misinterpretation of sentiments from underrepresented groups. This involves curating datasets that
reflect diverse demographics and performing cultural sensitivity analyses during system design.

b) AI techniques should be integrated into sentiment analysis systems to increase their interpretability. This
enables educators and students to understand how decisions are made, promoting trust and accountability.
Detailed documentation and communication of system operations can further enhance transparency.

c¢) Educating both students and educators about the capabilities, limitations, and ethical considerations of
sentiment analysis systems is essential. Digital literacy programs can empower users to critically assess the
system's outputs and identify potential biases or inaccuracies.

d) Periodic evaluations should be conducted to identify and address biases, inaccuracies, or ethical lapses in
sentiment analysis systems. These audits should involve independent experts and incorporate feedback from
users to ensure continuous improvement.

5. Challenges in Sentiment Analysis

Sentiment analysis of educational feedback presents numerous challenges due to the distinct characteristics of this
domain. Educational feedback often includes informal language, specialized terminology, and subtle expressions
that traditional sentiment analysis models struggle to interpret accurately. For example, students may use
ambiguous or sarcastic language, which requires the models to understand the context and intent behind the words
[16]. Another challenge is the presence of mixed sentiments within feedback, where a single text might contain both
positive and negative opinions (e.g., praising teaching methods while criticizing course content). This dual
sentiment complicates the classification process and necessitates advanced techniques like aspect-based sentiment
analysis [23].

Feedback frequently contains neutral comments or suggestions, which complicate classification, as most sentiment
analysis models are designed for binary sentiment classification (positive or negative) [28]. The imbalance in
feedback data further adds complexity, with positive feedback often dominating, leading to biased predictions in the
model [29]. Additionally, educational feedback datasets are typically small and domain-specific, which restricts the
effectiveness of general pre-trained models, such as BERT, without extensive fine-tuning [22]. Ethical concerns,
including the protection of student anonymity and the mitigation of biases in sentiment classification models, are
also significant challenges that need to be addressed carefully [8].

6. Conclusion

Over the past decade, sentiment analysis, driven by NLP, ML and DL techniques has garnered significant interest
from researchers within the educational sector, aiming to assess stakeholders' attitudes, opinions, and behaviors
regarding various teaching components. The goal of this research is to investigate existing NLP methodologies that
can be adapted or implemented in the education sector for analyzing educational feedback. Sentiment analysis in
educational feedback systems provides valuable insights that can revolutionize teaching and learning practices.
However, its adoption requires a thorough consideration of ethical and societal challenges. This paper addresses the
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ethical and societal implications of implementing sentiment analysis in educational feedback systems to ensure
responsible usage. Issues such as privacy concerns, algorithmic bias, transparency, and the potential normalization
of surveillance need to be proactively addressed to mitigate their negative effects. By establishing ethical guidelines,
ensuring inclusivity, promoting transparency, fostering digital literacy, and conducting regular audits, stakeholders
can use sentiment analysis in a responsible manner. Future research should aim to develop frameworks that strike
a balance between technological advancements, ethical principles, and societal welfare.
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