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Abstract: Several educational institutions worldwide work hard to obtain student feedback to explore their views on the
courses and faculty. This feedback is utilized to enhance the institution’s environment. In this modern world, institutes use
data or feedback collection techniques. Still, they do not have proper techniques to analyze and use this data to improve the
institute's educational quality from such textual feedback. This study presents techniques for analyzing the sentiments of
student textual feedback. In this paper, machine learning methods, including Random Forest, Multinomial Nave Bayes
Classifier, and Long Short-Term Memory, are applied. These methods are compared, and the experimental findings show
that Long Short-Term Memory provides higher accuracy which is 95.75%. This model successfully predicts the sentiments
of three types with high accuracy 1) Positive 2) Neutral 3) Negative.
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. INTRODUCTION
In recent days, Sentiment analysis has become more popular as more companies pay close attention to reviews[1].
One of the critical NLP techniques is sentiment analysis [2]. Sentiment analysis is indispensable when evaluating
people's emotions and providing polarity results. Reviews on various subjects, such as products and personalities, hold
great significance in the eyes of organizations, which is why appropriate text structuring proves helpful for
understanding the sentiment status[3]. Feedback provided by students can be categorized into two forms: textual
feedback and grading feedback based on Likert scale scores. In the case of Likert scale scoring, students are presented
with questions and asked to rate their responses using a predefined scale. This approach primarily concentrates on
gathering feedback related to specific topics, but it may not accurately capture the perfect/present sentiments of the
students[4]. Textual feedback is used to determine the actual sentiment of the students. Students are given a series of
questions to reply in sentences in this textual style. It benefits both the academic administration and the instructor in
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overcoming organizational challenges. Google Forms are used in this work to collect student responses with varying
opinions. The objective is to extract statements of opinion and use machine learning techniques to identify them as
either positive or negative. Machine learning approaches may use supervised or unsupervised learning. Classification
issues may be resolved using several techniques, including Long short-term memory, naive Bayes, and random forests.
The lexicon-based method detects sentiment polarity in textual information by utilizing a sentiment lexicon,
essentially a collection of terms with associated sentiment polarities. This Paper is organized as follows: We
summarize previous research on sentiment analysis and machine learning methods in the "Literature Review" section.
The "Methodology" section describes categorizing material using student comments. The "Performance Analysis"
section contrasts machine learning techniques, F-score, and accuracy. The "Conclusion™" section summarizes the

findings and offers final observations.

Il. LITERATURE REVIEW
To improve the quality of education, many sectors around the world are currently focusing on this issue, making it
one of the most trending topics nowadays. This improvement intrinsically depends on teaching efficiency. Thus,
accurate and efficient evaluation of teaching has become an important area of academic research [5]. The area of
sentiment analysis has been extensively researched. The text classification field hasn't seen many studies that classify
texts into negative, positive, and neutral categories [6]. There are three types of methods used in sentiment analysis;
(1) lexicon-based approaches, where a sentiment dictionary is created to evaluate the sentiment of words, (2) machine
learning approaches that utilize manually designed features to train a non-neural network classifier, for categorizing
words based on their sentiment and (3) deep learning approaches that involve training an advanced neural network
model to capture more meaningful and abstract semantic features, for sentiment analysis[7]. Method three will be used
in this paper. A thorough survey was conducted to evaluate sentiment in three important areas, including framework,
feature extraction, and sentiment analysis [8]. As typical approaches, supervised learning methods such as Naive Bayes
and Long short-term memory (LSTM) are examined. The results show that LSTM outperforms other classifiers in
terms of accuracy. According to the study, Naive Bayes outperforms LSTM when dealing with small datasets, whereas
LSTM outperforms when dealing with large datasets. [9]. A data mining methodology is developed to classify an
institution's faculties ranking from 1 to 5 based on particular features. The Paper used the Naive Bayes classifier and
text-mining algorithms to analyze student comments. However, one disadvantage of this study was that it did not
accurately reflect the student’s actual feelings [10]. In 2014, a sentiment analysis classification model was created
specifically for Arabic text. After pre-processing, 2591 texts out of 10,500 were selected for training the model. The
Naive Bayes, SVM, and KNN classifiers were employed using the 10-fold cross-validation method to assess the
sentiment of the reviews. The SVM classifier demonstrated the highest accuracy, reaching 75.25% [11]. In 2023, the
automatic scoring model used for teaching evaluation also provided low accuracy results, which are discussed in a
paper that is almost 79% accurate [5]. In the same year, another researcher achieved an accuracy of 63.70%, which is
not bad but may not yield satisfactory results [12]. It can take time and effort to process a significant amount of
feedback gathered towards the end of the semester. These are the major reasons that help us identify a research gap
and develop a more accurate textual analysis model.As described in Long Short-Term Memory (LSTM), Naive Bayes,
and Maximum Entropy (ME), the machine learning techniques are [9] [10]. Multinomial Naive Bayes and decision
trees are used to analyze sentiment in Twitter data [9]. The n-gram approach was used to extract features from 1150
documents used in the study. A comprehensive research conducted by (Jin Zhou and Jun min Ye) has allowed us to
embark on something. They diligently explored five databases and discovered 41 relevant articles. The findings
indicate a focus, on education in most studies with an inclination, towards the utilization of smaller datasets. This
motivated us to take a step and gather our dataset [13] . Education is a major area because a wide range of research
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gaps is found in it almost most of the sectors adopted this feature and models are also developed by using Chinese
stock reviews [14]. The classification model's performance was assessed using recall, F-measure, precision, and
accuracy measures [15]. The problem of sentiment polarity categorization is addressed as input data; the study
leverages online product reviews from Amazon [16]. During the COVID-19 pandemic, researchers developed a
sentiment analysis model by analyzing tweets from several social media users. This model, which incorporates LSTM
technology has proven to be quite effective, with an accuracy rate of 93% [17] In parallel another model was created
using 17,155 tweets related to e-learning to gain insights and enhance it within the context of the pandemic[18]. Some
experts have raised concerns, about the text feature extraction capabilities of LSTM-based methods. As an approach,
they proposed a task aspect category sentiment analysis model based on RoBERTa (Robustly Optimized BERT Pre-
training Approach). Although this method shows promise satisfactory results have not yet been achieved. Hence our
focus remains on improving the conventional LSTM method [19].

Il. METHODOLOGY
QEC of Balochistan University of Engineering and Technology Khuzdar collected student feedback at the end of
every semester. We get help from the QEC department which provides us with Survey comments that are used to train
the algorithm. When provided with test samples, this data trains the system using machine learning methods, allowing
it to categorize texts into three categories Negative, positive, and neutral. The classification findings are visualized
using a graphical form. This method includes six critical processes, as illustrated in Figure 1:
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Figure 1: Sentiment Analysis Working
Gathering student feedback, preparing training data, extracting pertinent features, training the model, going through
test data, and graphically presenting the results. These results help to use student textual feedback to improve the
quality of education in all sectors.
Data from QEC surveys from Balochistan UET Khuzdar is used to carry out these steps.

A.Dataset

A collection of textural feedback from the students of BUET Khuzdar University from 2019 to 2022 served as the
dataset for this study. The feedback was collected from the QEC (Quality Enhancement Cell). The feedback text was
pre-processed to remove stop words and punctuation. The feedback's sentiment was then divided into three groups:
positive, negative, and neutral. The dataset was divided into a training set and a test set. The training set was used to
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train the LSTM machine learning model. Using the test set, the model's effectiveness was evaluated. The dataset was
limited in size and diversity. We also used an open-source dataset from https://github.com/Afrasiyab-khan/Sentiment-
Analysis-Research-Improve-the-quality-of-Education-by-Feedbacks.qgit to improve the model's performance. The
Kaggle dataset included student feedback from a variety of universities around the world.

B. PreparingTtraining Data

The two types of machine learning are supervised learning and unsupervised learning. In supervised learning phrases
or data points are labeled with a class, while unsupervised learning does not use labeled data. The system is trained
using gathered training data, with each question having its own training data set. Students' sentence replies provide
the training data. Sentiment Intensity Analyzer () from the Vader Sentiment package is used to analyze the sentiment
of each phrase. Based on the “Valence Aware Dictionary and Sentiment Reasoner” (VADER), this technique provides
a sentiment score between -1 and 1, signifying negativity to positive. Each word in the phrase is awarded a sentiment
score ranging from -4 to 4 [4].

C. Student Feedback Collection

The data or feedback are collected from the “Balochistan University of Engineering and Technology Khuzdar”
students in the form of questions that QEC collects at the end of every year using the University website, shown in
Figure 2. The feedback QEC was collected in the form of a Microsoft Xcel sheet.

Academics v Administration v QEC ~ ORIC v Library

Figure 2: Data Collected From QEC Department BUET

D. Feature Extraction

Feature extraction is conducted on the datasets in this procedure to generate a format appropriate for machine learning
algorithms. Feature extraction is used for both training and test sets of data. Tools for tokenizing textual data and
extracting features are both included in the Scikit-learn package. Textual data is tokenized, separating it into individual
words or tokens. The scikit-learn Count Vectorizer tool is used to tokenize text documents and generate a vocabulary
of recognized terms.
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E. Model Training
This study focused on long short-term memory, multinominal naive Bayes, and random forest approaches for text
classification using machine learning.

Long Short-Term Memory (LSTM): Machine translation tasks frequently use Long Short-Term Memory (LSTM),
a recurrent neural network (RNN). LSTMs are designed to handle sequential data, such as text, and can maintain a
memory of previous inputs over a more extended period than traditional RNNs[20].

Multinomial Naive Bayes: The basic objective of the naive Bayes classification method is to categorize texts using
a combination of class and word probabilities. The frequency of the terms in the document is one of the characteristics
or predictions used by the classifier [21][22] [23].

Random Forest: Random forest (RF) is a reliable machine-learning classifier that can be applied to both classification
and regression applications. Its primary advantages are its non-parametric character, outstanding classification
accuracy, and capability to comprehend variable importance[24].

Evaluation of the test data: The collection and analysis of data to evaluate an organization's success in carrying out
planned operations is what evaluation entails. In the context of a model, assessment refers to the last step after training
is completed. This stage is critical for determining the model's performance and generalizability. A separate test set is
used to examine the trained model's accuracy and performance during the assessment. By applying it to the test set,
we may assess the model's capacity to predict outcomes on fresh, previously unknown data reliably. This assessment
procedure offers information on the model's working correctness and ability to make predictions beyond the data it
was trained on. The assessment phase is crucial in establishing the model's dependability and potential for practical
implementation. It aids in validating the model's performance, identifying development areas, and determining its
acceptability for real-world use.

Performance Analysis: This section discusses Multinomial Naive Bayes, Random Forest, and Long Short-Term
Memory, three machine learning methods. Based on the accuracy and F-score measures, the analysis evaluates the
effectiveness of these algorithms using unigram and bigram features. Unigrams are single elements or tokens taken
from a string, whereas bigrams are sequences of two elements or tokens from the same string. Bigrams and unigrams
can both be used as characteristics to evaluate and compare the performance of machine learning systems. Using a
test dataset, the learned model's performance is evaluated. Multiple factors are taken into account when evaluating its
effectiveness. Accuracy and F Score, two important metrics, are used to quantify the performance of the model. The
level of accuracy indicates how accurate the model's predictions are on the whole. Precision and recall are balanced
by a statistic called the F Score, also called the F1 Score. It weighs the trade-off between false positives and false
negatives as well as the proportion of accurate forecasts. When the class distribution within the dataset is unbalanced.
Accuracy: Equation 1 states that accuracy is calculated by dividing the total number of rows in the dataset by the

number of accurate predictions the model produced[25].
characters/words correctly recognized

Accuracy = All characters/words (1)
Calculating the F-score: an integral measure when evaluating models- requires accounting for both recall and
precision together. This vital metric utilizes equation 2 as its formula and considers a weighted average approach that

enables an accurate determination of how well models perform[26]

recision XRecall
FScore = f1=f =2 cmon Cectz 2)
Precision+Recall
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Figures 3,4 and Table 1 display the accuracy results for both unigrams and bigrams using the Random Forest, Long
Short-Term Memory, and Multinomial Nave Bayes Classifier. The training set size was varied while the test data was
kept constant for the research. Notably, the models' accuracy increases as the training data increases.
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Figure 3: Performance of the Bigram LSTM, MNBC, and RF algorithms for various train samples

Table 1. Accuracy of diffrent methods

Model Accuracy Precision Recall F-Score
LSTM 95.75% 92.5% 90% 85.4%
MNBC 75.6% 82.5% 70.5% 70.4%
RF 80.2% 80.5% 38.6% 60%

When more data is used to train the model, the LSTM approach regularly provides higher accuracy. As compared to
the Multinomial Naive Bayes Classifier (MNBC), Random Forest (RF), and other algorithms in terms of accuracy.
On the other hand, RF and MNBC's accuracy is not improved. The LSTM provides greater accuracy as a result than
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Figure 4: Displays the performance of the LSTM, MNBC, and RF algorithms using different

MNBC and RF.

train samples.
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The MNBC and LSTM algorithms' F Scores rise linearly with the amount of training data shown in Figures 5 and 6

respectively.
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Figure 5: Shows a graph of the F Score for a Unigram versus the number
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of train samples.
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Figure 6: Shows a graph of Bigram's F Score as a function of the

quantity of train samples.
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Figure 7 illustrates the final working results of the sentiment analysis model you see that the student's feedbacks are
provided to the Model and accurately predicts its sentiment label with an accuracy of 95.75%.

def pra

0@

Figure 7: The final working results of Sentiment Analysis model.

V. CONCLUSION AND FUTURE WORK

The negative aspect of the institutions' grading feedback is that it does not represent the students' sentiments fairly.
Textual feedback fills this gap since it enables institutions to comprehend students' feelings and Sentiment analysis of
this feedback is used it to improve the quality of education. The feedback is gathered and provided to the trained
model in this study before the sentiments are categorized into positive, negative, and neutral. As per this study the
results, of the long short-term memory algorithm provide higher accuracy than the Random Forest and Multinomial
Naive Bayes Classifier algorithms in terms of accuracy. Moreover, the long short-term memory method performs
improved than the other two methods with an accuracy of 95.75%. Future research in this area will likely focus on
improving the model's accuracy by considering a large amount of training data.
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