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ABSTRACT. In this study, the author presents a novel approach for analyzing the senti-
ment of student feedback on e-learning platforms using a hybrid model combining Con-
volutional Neural Networks (CNN) and Fuzzy C-Means (FCM) clustering. The CNN
extracts rich, high-dimensional features from student comments, capturing intricate pat-
terns and contextual nuances. These features are then processed by the FCM algorithm,
which assigns fuzzy membership values to each comment, allowing for more nuanced
sentiment classification. By integrating CNN’s robust feature extraction capabilities with
FCM’s ability to handle uncertainty and ambiguity, our model achieves superior perfor-
mance in sentiment analysis. Experimental results on a dataset collected from central
Chinese Massive Open Online Course (MOOC) platforms demonstrate the effectiveness
of our approach, showing significant improvements in accuracy and precision compared to
traditional methods. This research contributes to enhancing the understanding of student
sentiments, thereby aiding educators and platform developers in improving the quality of
e-learning experiences.

Keywords: Sentiment Analysis, E-Learning, Fuzzy C-Means Clustering, Hybrid Model,
MOOC Platforms, Educational Technology, Text Classification.

1. Introduction. Advancements in technologies like the Internet, IoT, and big data have
transformed education [1], with online learning becoming a key alternative to traditional
methods due to its accessibility, affordability, and scalability [2][3]. Massive Open Online
Courses (MOOCs) now enable millions of students worldwide to engage in interactive
and flexible learning environments [4]. In this context, sentiment analysis is essential
for understanding student feedback, helping educators assess teaching effectiveness, ad-
dress challenges, and enhance e-learning experiences. Sentiment analysis, while effective
in many domains, often struggles with issues such as ambiguous textual expressions, im-
balanced datasets, and privacy concerns. These limitations hinder educators from fully
utilizing feedback to enhance course quality and student engagement.

Major e-learning platforms like China’s MOOC have implemented features such as
bullet-pointed chats to evaluate teaching quality and increase engagement between edu-
cators and students. These emotive comments reflect individual perspectives, and effec-
tively utilizing this feedback is crucial for improving service quality. These bullet-pointed
interactions play a significant role in the educational process by helping teachers identify

student weaknesses, which in turn aids in adjusting course content, teaching strategies,
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learning objectives, and faculty assignments [5]. Sentiment analysis is a crucial technique
for assessing the emotional tone of textual data, categorizing sentiments into positive,
neutral, or negative. Initially used mainly in business contexts, sentiment analysis has
been applied to various fields such as healthcare, politics, finance, and education. For
example, researchers have used sentiment analysis to predict healthcare outcomes from
patient feedback, assess political views from social media, and forecast stock market trends
based on investor sentiment [6]. The wide application of sentiment analysis underscores
its potential for enhancing data-driven decision-making in research and practical settings.
However, the rapid growth of this technology raises ethical concerns, including privacy,
bias, and fairness. If the perspectives of marginalized groups are not adequately repre-
sented, the resulting analysis may be biased and misleading [7]. The inherent subjectivity
in determining the sentiment of textual expressions remains a significant challenge. Thus,
there is a need for robust, ethically sound sentiment analysis methodologies that address
these issues and can more accurately interpret the nuances of human emotions and lan-
guage. With thoughtful advancements, sentiment analysis can provide valuable insights
from diverse narratives and perspectives.

Researchers have primarily employed three approaches to sentiment analysis: dictionary
and rule-based methods, traditional machine learning-based methods, and deep learning-
based methods [8]. Despite its widespread use in business, sentiment analysis of online
course reviews remains relatively underexplored, and publicly available datasets on this
topic are scarce [9]. Various methods have been used to calculate sentiment scores in online
education contexts. Traditional machine learning methods involve feature construction
and classifiers like Naive Bayes, maximum entropy, and support vector machines (SVM)
[10]. However, the accuracy of these methods depends heavily on the quality of feature
selection and classifier performance. Deep learning techniques, such as CNN, have been
developed to overcome the limitations of traditional methods. These advanced neural
network architectures, often enhanced with attention mechanisms, have improved per-
formance in capturing long-range dependencies and contextual information in text [11].
Sentiment analysis in education is crucial for enhancing teaching quality, reducing dropout
rates, and promoting sustainable educational development. This study proposes a novel
approach that combines FCM clustering with CNN to enhance sentiment analysis ac-
curacy in evaluating online course feedback. Feature engineering in this context faces
challenges related to high-dimensional data, feature sparsity, and domain adaptation [12].
Therefore, innovative techniques are necessary to address these challenges and improve
the precision of sentiment analysis [13].

2. Related Work. Sentiment analysis has become a pivotal research area in natural
language processing (NLP), classifying textual data into positive, negative, or neutral
sentiments. Traditional approaches have evolved from basic machine learning techniques
to sophisticated deep learning models, enhancing the accuracy and efficiency of sentiment
classification. Early sentiment analysis efforts utilized machine learning classifiers such as
Naive Bayes, SVM, and maximum entropy models. These methods required extensive fea-
ture engineering, including features based on term frequency-inverse document frequency
(TF-IDF) and other lexical indicators. While effective, these models heavily depended on
the quality of feature extraction and could not capture complex linguistic nuances.

The advent of deep learning revolutionized sentiment analysis by introducing models
capable of automatically learning feature representations from raw text data. CNN and
Recurrent Neural Networks (RNNs), particularly LSTM networks, became prominent due
to their ability to capture contextual information and sequential dependencies in text. For
instance, CNNs are adept at identifying local patterns in text, making them suitable for
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tasks such as sentence classification [14]. LSTM networks, on the other hand, excel at
capturing long-range dependencies and contextual nuances, which are crucial for under-
standing the sentiment in lengthy texts [15]. Attention mechanisms and Transformer-
based models have further advanced sentiment analysis. The Transformer architecture,
introduced by Chanaa et al., relies on self-attention mechanisms to model dependencies
between words, regardless of their distance in the text [16]. This has led to the develop-
ment powerful models such as Bidirectional Encoder Representations from Transformers
(BERT) [17], which can be fine-tuned for various NLP tasks, including sentiment analysis.
BERT’s bidirectional nature allows it to consider the context from both directions, en-
hancing its understanding of the text. Extensions of BERT, such as XLNet and ERNIE,
have demonstrated state-of-the-art performance on numerous benchmark datasets, high-
lighting the effectiveness of Transformer-based approaches in sentiment analysis [18][19].

Despite these advancements, sentiment analysis applications in educational contexts re-
main underexplored, particularly for analyzing student feedback on online learning plat-
forms. Previous studies have primarily focused on business and social media domains,
with limited datasets available for educational settings. To address this gap, I propose
integrating Fuzzy C-Means (FCM) clustering with CNN for sentiment analysis of student
feedback. FCM is a clustering method that allows each data point to belong to multiple
clusters with varying degrees of membership, making it particularly suitable for handling
the ambiguity and subjectivity inherent in sentiment analysis [20].

Recent advancements in artificial intelligence and secure communication have con-
tributed significantly to improving analytical and security frameworks, which are also
crucial for enhancing sentiment analysis models in e-learning. Wu et al. introduced a
Spectral Convolutional Neural Network model based on Adaptive Fick’s Law, demonstrat-
ing the effectiveness of deep learning techniques in handling complex, high-dimensional
data [21]. Similarly, advancements in secure communication protocols, such as enhanced
authentication mechanisms for IoT devices and lightweight key agreement protocols for
smart systems, provide foundational insights into the development of robust, scalable,
and reliable systems [22][23]. These studies align with the need for integrating innovative
machine learning approaches with secure frameworks to address challenges in real-world
applications, including e-learning platforms, where data privacy and analytical accuracy
are paramount.

3. Methodology. In this study, I propose a hybrid model combining Gated Recurrent
Units (GRU) with FCM clustering to analyze the sentiment of comments from online

courses. The model architecture is depicted in Figure 1.
GRU GRU GRU  ——..... FCM layer
Figure 1. Network structure of GRU-FCM model
The input to the model consists of sequences of comments {xy, zs, 3, ..., 2,}, where
each comment is represented as a vector of features. These sequences are fed into a series

of GRU layers, which are designed to capture temporal dependencies and contextual
information within the comment sequences. The GRU, an advanced variant of RNN,
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efficiently handles the vanishing gradient problem and is well-suited for sequential data
processing.

Each GRU layer processes the input sequence, capturing both forward and backward
dependencies, and outputs a hidden state representation that encapsulates the contextual
sentiment information. Following the GRU layers, the final hidden state is passed to
an FCM layer. The FCM algorithm assigns membership degrees to each data point,
allowing for soft clustering where comments can belong to multiple sentiment clusters with
varying degrees of certainty. This soft clustering capability of FCM is crucial for sentiment
analysis as it can handle the ambiguity and overlap in sentiments more effectively than
hard clustering methods. The FCM layer produces a final sentiment prediction ¢, which
aggregates the fuzzy membership values to determine the overall sentiment polarity of
the comments. This hybrid approach leverages the sequential learning strengths of GRU
and the clustering flexibility of FCM, resulting in a robust model for sentiment analysis
in online course review systems.

3.1. GRU architecture. The GRU is a variant of RNN that is particularly effective in
managing sequential data, making it suitable for tasks such as sentiment analysis. GRUs
are designed to preserve critical information from previous observations in the sequence
and capture temporal dependencies [24]. This capability is essential for the analysis of
sentiment in text data, as the sentiment conveyed by subsequent words is substantially
influenced by the context provided by preceding words.

While LSTM networks and GRU are conceptually similar, GRUs are designed to be
more computationally efficient and less susceptible to overfitting, particularly when deal-
ing with large datasets or restricted computational resources. By simplifying the architec-
ture without significantly sacrificing performance, GRUs provide an efficient alternative
to traditional RNNs and LSTMs in many NLP tasks, including sentiment analysis. This
efficacy renders GRUs especially useful for real-time sentiment analysis applications and
the management of extensive online course feedback data. The internal network structure
of a GRU unit is depicted in Figure 2.
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Figure 2. The architecture of GRU unit

The flow of information is regulated by the reset gate r, and the update gate z; in the
GRU architecture. The input state is represented by z;, while the previous and current
concealed states are represented by h;_; and hy, respectively. The following equations are
used by the GRU to process these states:
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2y =0(W,z, + U,hy_1 + b,) (1)

re = o(Wyay + Ushi1 +by) (2)

hy = tanh(Wyz, 4 Up(ry © hy_y) + by) (3)
hi=(1—2)0h 1 +2z0h (4)

The update gate z; is calculated by Equation (1), which determines the amount of the
previous hidden state that should be preserved and the amount that should be supplanted
by the new information. The input is compressed into the range [0, 1] by the sigmoid
function, resulting in a value between 0 and 1.

The reset gate r; is calculated by Formula (2), which determines the amount of the
preceding hidden state that should be discarded and the amount that should be used to
calculate. Similar to 2, it is also a value between 0 and 1.

Equation (3) calculates the candidate hidden state h;, which is a new value that is
combined with the preceding hidden state using the update gate. The input is compressed
into the range [—1, 1] by the hyperbolic tangent function. Finally, Formula (4) calculates
the new hidden state by combining the previous hidden state, h;_;, and the candidate
hidden state, ;, in a linear fashion, with the update gate’s weight factored in. The symbol
® denotes element-wise multiplication, while 1 — z; represents the complement of z;. This
guarantees that the new concealed state exclusively incorporates pertinent information
from both the previous state and the candidate state.

The GRU unit’s architecture, which includes gating mechanisms, enables improved
oversight of the transmission of information through the network and has been demon-
strated to be exceptional in a variety of tasks. GRU and FCM are combined to create
a robust framework for sentiment analysis, which captures the complex temporal depen-
dencies in text data and enables the ambiguous classification of sentiments. The proposed
model is highly adaptable and suitable for the analysis of complex sentiment information
gathered from online course reviews, as it effectively utilizes the strengths of both GRU
and FCM.

3.2. Fuzzy C-Means. A clustering method known as FCM separates samples into mul-
tiple fuzzy categories, enabling each sample to be a member of multiple clusters with
variable degrees of membership. FCM manages the degree of membership for each sam-
ple in each category, in contrast to conventional rigid clustering methods. In order to
resolve the inherent ambiguity and overlap in sentiment classification, I have integrated
FCM with a GRU-based sentiment analysis model in this study. The Fuzzy C-Means
algorithm is described as follows:

Each sample is represented as x;, and each cluster center as v;, given N samples and C
cluster centers. I establish the fuzzy membership matrix U, which U;; denotes the degree
of z; sample membership in the v; cluster center. The objective of FCM is to reduce the
cost function in the following manner:

N C
JU V)= > URlle: — v ()

i=1 j=1
Here, the fuzziness parameter m regulates the level of fuzziness in the clustering pro-
cedure. The weighted sum of squared Euclidean distances between samples and cluster
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centers is aggregated by this cost function. The algorithm executes the subsequent pro-
cedures:
1. Initialization: Initialize the fuzzy membership matrix U and the cluster centers V.
2. Iterative Updates: Perform iterative updates until a stopping criterion is satisfied.
- Update U: Calculate the level of membership of each sample in each cluster center
by employing the update formula:

(=l 7T
o= (X (2= ()
(=)
- Update V: Update the cluster centers using the following formula:

N
N o Umy,
Vs = Zlfl 1] z (7)

XLy

3. Output: Return the final fuzzy membership matrix U and the cluster centers V.

The iterative modifications of the fuzzy membership matrix and the cluster centers
are the fundamental components of this algorithm. The objective function is minimized
through the continuous adjustment of cluster center positions and membership degrees.
The fuzzy membership matrix enables us to ascertain the fuzzy membership degrees of
each sample in relation to each cluster center, thereby enabling a more nuanced sentiment
classification as opposed to rigid categories.

4. Experiment Results.

4.1. Experiment Metric. To evaluate the effectiveness of the proposed hybrid GRU
and Fuzzy C-Means (FCM) model for sentiment analysis, a comprehensive series of ex-
periments were conducted. These experiments covered various aspects, including dataset
selection, evaluation metrics, and hyperparameter tuning. The performance of the model
was assessed using standard metrics such as true positive (TP), true negative (TN), false
positive (FP), and false negative (FN) rates.

The average accuracy was calculated as the ratio of correctly predicted instances to
the total number of instances, providing an overall measure of the model’s prediction
capability. Precision, defined as the ratio of true positive predictions to the sum of true
positive and false positive predictions, was used to evaluate the correctness of positive
predictions.

Recall, or sensitivity, measured the proportion of true positive instances correctly iden-
tified among all actual positive instances. To provide a balanced evaluation of precision
and recall, the F1 score was utilized. The F1 score, the harmonic mean of precision
and recall, offered a comprehensive metric that combined both aspects, ensuring a robust
assessment of the model’s performance.

These metrics were chosen because they provide a comprehensive evaluation of the
model’s predictive performance. Accuracy measures the overall correctness of predictions,
while precision focuses on the proportion of true positive predictions among all positive
predictions. Recall evaluates the model’s ability to identify all relevant instances, and F1
score offers a balanced measure of precision and recall, especially useful in imbalanced
datasets. Their combined use ensures a robust assessment of the model’s effectiveness in
sentiment analysis tasks, where both precision and recall are critical for capturing nuanced
feedback from students.

The objective of this study was to evaluate the influence of a new multilayer attention
mechanism on a sentiment analysis model. In order to achieve this objective, a sequence
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Table 1. Confusion Matrix

Actual / Predict | Positive | Negative
Positive TP FP
Negative FN TN

of experiments was carried out, which involved the careful selection of suitable datasets,
assessment metrics, and hyperparameter setups. To evaluate the performance of the

proposed model, the average accuracy and F1 score were calculated using Equations (8)
through (11).

R B TP+ TN -

Y = TP I TN+ FP+ FN

TP
Precision = 21
recision = s 9)
TP
l= —— —— 1

Reca TPLFN (10)
P = 2 x Precision x Recall (11)

Precision + Recall

4.2. Experiment Setup. In this study, I utilize a novel dataset derived from MOOCs
platforms, including FE K% MOOC (Chinese University MOOC). This dataset encom-
passes student feedback on a wide range of online courses, providing a comprehensive
overview of student sentiments towards different aspects of E-learning in China. The
dataset was collected through an automated web scraping process, using custom-built
Python scripts leveraging the BeautifulSoup and Selenium libraries. Feedback comments
were extracted from course review sections on Chinese University MOOC [?]. These plat-
forms were chosen due to their extensive course offerings and large user bases, ensuring a
diverse and abundant dataset. The dataset consists of 12,324 student reviews, with each
review including the following fields:

- Review ID: A unique identifier for each review.

- Course ID: Identifier for the course the review pertains to.

- Platform: The E-learning platform from which the review was collected.

- Review Text: The textual content of the student’s feedback.

- Rating: A numerical rating provided by the student, ranging from 1 to 5.

The reviews are categorized into three sentiment classes: positive, neutral, and neg-
ative. This classification was performed using a combination of manual annotation and
automated sentiment analysis tools, ensuring high accuracy in sentiment labels.

To prepare the data for analysis, several preprocessing steps were undertaken:

- Text Cleaning: Removing HTML tags, special characters, and redundant whites-
paces.

- Tokenization: Splitting the review text into individual tokens (words).

- Stopword Removal: Eliminating common stopwords that do not contribute to
sentiment (e.g., “FI7, “HJ7, “&”).

- Lemmatization: Converting words to their base forms to ensure consistency.

- Label Encoding: Transforming sentiment labels into numerical format for use in
machine learning models.

The choice of lemmatization over stemming was specifically made to maintain semantic
accuracy, especially for Chinese text. In Chinese, stemming may truncate words into
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forms that lack morphological clarity, leading to a potential loss of context and meaning.
Lemmatization ensures that words retain their correct base forms, which is essential for
sentiment analysis tasks requiring a nuanced understanding of text. This decision was
particularly relevant given the dataset’s reliance on accurate sentiment extraction from
student feedback.

To illustrate the content and structure of the dataset, here are a few anonymized ex-
amples of student reviews:

Example 1

e Review ID: 12345

e Course ID: 67890

e Platform: FEX2 MOOC

e Review Text: "X JIRIEEHHE | ZIMEEE 2RI SIEEERE. »
e Rating: 5

e Sentiment: Positive

Example 2

e Review ID: 54321

e Course ID: 98765

e Platform: H[E X% MOOC

e Review Text: "NANEE, (HiF#Er] LIFL o HLEE D HERRT - 7
e Rating: 3

e Sentiment: Neutral

Example 3

e Review ID: 11223

e Course ID: 44556

e Platform: H[EX2%¥ MOOC

e Review Text:” FwiFiX [ TIRAEF T, MLUR L . FlFHARMER . ”
e Rating: 1

e Sentiment: Negative

The dataset comprised 12,324 comments, with a distribution of sentiments as follows:
4,102 positive, 4,150 neutral, and 4,072 negative comments. The dataset was partitioned
into three subsets: a training set, a validation set, and a test set, distributed in proportions
of 80%, 10%, and 10% correspondingly. Figure 3 provides comprehensive information
about the distribution details of the dataset. The primary aim of this analysis was to
evaluate the sentiment conveyed in course comments and detect patterns in sentiment
trends among senior students. The primary objective was to improve the standard of
instruction and foster active participation from students.

The experimental setup for evaluating the proposed hybrid GRU and FCM model for
sentiment analysis was conducted in a high-performance computing environment to ensure
efficient processing and accurate results. The system environment included an Intel Xeon
Gold 6230R CPU 2.10GHz with 26 cores, 96 GB RAM, an NVIDIA Tesla V100 GPU
with 32 GB memory, and 2 TB NVMe SSD for storage. The software configuration
comprised Ubuntu 20.04 LTS as the operating system, Python 3.8.10, and the PyTorch
1.8.1 deep learning framework. Essential libraries and dependencies used were NumPy
1.19.5, Matplotlib 3.3.4, Scikit-learn 0.24.1, Pandas 1.2.4, and CUDA Toolkit 11.2 for
GPU acceleration. The training parameters for the hybrid GRU and FCM model are
detailed in Table 2.
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Figure 3. Dataset Description

Table 2. Training parameters

Parameter Value
Optimizer Adam
Weight decay 3e-5
Learning rate 0.01
GRU Hidden Layer 256
Number of GRU Layers 2
Dropout 0.5
Number of Clusters (FCM) 3
Fuzziness Parameter (m) 2

4.3. Experimental Results and Analysis. The proposed GRU-FCM model was trained
over 30 epochs to achieve a reliable level of accuracy. Throughout the training and vali-
dation phases, the model exhibited satisfactory loss levels, indicating its effectiveness and
stability. The training and validation loss for the GRU-FCM model are illustrated below:

The performance of the proposed model was assessed using key evaluation metrics,
namely accuracy and precision. Throughout the training and evaluation phases, the
model consistently demonstrated high effectiveness. To validate the efficacy of the pro-
posed model, a comparative analysis was performed against four baseline models, focusing
on evaluating the respective outcomes. The proposed model outperformed the baseline
models, particularly in terms of accuracy. The comparative accuracy of the five method-
ologies is illustrated in Figure 5.

Precision is a statistic used to assess the effectiveness of a learning model. It is calculated
by dividing the number of true positives (TP) by the total number of predictions made
by the model. The proposed model shown improved performance compared to previous
models in terms of precision calculation and analysis. Figure 6 depicts the precision
comparison of all the examined models.
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Figure 5. Accuracy of GRU-FCM and four baseline models

F1l-score and recall are evaluation measures used to determine the optimum model,
together with accuracy and precision. Table 3 and Figure 7 present a comparison of
models based on all evaluation metrics.

Table 3 and Figure 7 present a performance comparison of various sentiment analysis
models: CNN, LSTM, BERT, ERNIE, and the proposed GRU-FCM model. The GRU-
FCM model demonstrates superior performance across all metrics, achieving the highest
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Figure 6. Precision of GRU-FCM and four baseline models

Table 3. Comparative metrics

Methods Acc Precision Recall F1

CNN 0.73 0.68 0.74 0.72
LSTM 0.75 0.70 081 0.74
BERT 0.80 0.73 085 0.77
ERNIE 0.79 0.72 0.82 0.75
GRU-FCM 0.87 0.83 0.90 0.86

0 Accuracy
W Precision
e Recall
0.8+ W F1 Score

0.6 1

Metrics

0.4 4

0.2+

0.0-

BERT GRU-FCM
Methods

Figure 7. Comparative Metrics by Method

accuracy (0.87), precision (0.83), recall (0.90), and F1 score (0.86). This model outper-
forms traditional models like CNN (accuracy 0.73, F1 score 0.72) and LSTM (accuracy
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0.75, F1 score 0.74), as well as more advanced models like BERT (accuracy 0.80, F1 score
0.77) and ERNIE (accuracy 0.79, F1 score 0.75). The significant improvements in preci-
sion and recall indicate that GRU-FCM not only reduces false positives but also captures
a larger proportion of positive instances correctly. The high F1 score suggests a balanced
and effective handling of both precision and recall. These results underscore the robust-
ness and reliability of the GRU-FCM model for sentiment analysis tasks, particularly in
the context of online course reviews, highlighting its ability to accurately predict senti-
ments and outperform other state-of-the-art models. To further validate the model’s ef-
fectiveness, statistical significance tests were conducted to compare the GRU-FCM model
with baseline models. The results indicated that the improvements in accuracy, preci-
sion, recall, and F1 score were statistically significant (p < 0.05), confirming that the
observed enhancements were unlikely due to random variation. These findings underscore
the robustness and reliability of the proposed model in sentiment analysis tasks.

4.4. Comparing to The Other Related Works. To conduct a comprehensive empir-
ical assessment and analysis, the outcomes will be compared with contemporary research.
Subsequently, an evaluation will be performed to assess the efficacy of five recent models:
our proposed GRU-FCM, SMA (Semantic Analysis model) [26], FeD (Feeling Distin-
guisher system) [27], LSTM-Attention [28], ASDA (Aspect-Based Sentiment Analysis)
[29] (2022), and TextCNN-CAT-FEW (Channel Attention TextCNN with Feature Word
Extraction for Chinese Sentiment Analysis) [30] (2023). Table 4 presents this comparison.

Table 4. Comparative experimental findings with five recent models in the lit-

erature

Methods Accuracy Precision Recall F1
SMA [26] - 0.76 094 084
FeD [27] - 0.71 0.87 0.78
LSTM-Attention [28§] - 0.69 0.82 0.75
ASDA [29] 0.81 - - -

TextCNN-CAT-FEW [30] 0.83 0.81 0.80 0.80
GRU-FCM 0.87 0.83 0.90 0.86

Table 4 presents a comparative analysis of the proposed GRU-FCM model against five
recent sentiment analysis models: SMA [26], FeD [27], LSTM-Attention [28], ASDA [29],
and TextCNN-CAT-FEW [30]. The GRU-FCM model outperforms all others, achieving
the highest accuracy (0.87), precision (0.83), recall (0.90), and F1 score (0.86). This indi-
cates its superior capability in reducing false positives and correctly identifying positive
instances. In contrast, the other models show lower metrics, with ASDA and TextCNN-
CAT-FEW having accuracies of 0.81 and 0.83, respectively, and SMA, FeD, and LSTM-
Attention having lower precision and F1 scores. The results underscore the effectiveness
and robustness of the GRU-FCM model for sentiment analysis, making it highly suitable
for analyzing sentiments in online course reviews.

4.5. Discussion. In response to increasing concerns about data privacy and potential
bias in sentiment analysis, we have implemented measures to address these issues through-
out the study. To protect student privacy, all data were anonymized, and access to sen-
sitive information was strictly controlled. To ensure fairness, we balanced the dataset to
represent diverse student populations, preventing the model from unintentionally favoring
or disadvantaging any specific group. The preprocessing steps were also designed care-
fully to remove any unintended discriminatory language that could introduce bias into the
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analysis. Furthermore, the model was tested across various demographic subsets to verify
that its predictions remained consistent and unbiased. By incorporating these measures,
we aim to provide not only a robust sentiment analysis model but also one that upholds
fairness, inclusivity, and ethical standards in processing student feedback.

Future research could focus on incorporating advanced neural architectures, such as
Transformer-based models or graph neural networks, to further improve the model’s ca-
pacity for understanding complex patterns in sentiment analysis. Additionally, applying
the model to multilingual datasets or adapting it to different cultural and educational
contexts could provide valuable insights into its generalizability and scalability. Another
promising direction would be to explore its use in real-time analysis of dynamic interac-
tions, such as live classroom discussions or synchronous online learning sessions. These
advancements, combined with efforts to gather more diverse and representative datasets,
could significantly enhance the model’s applicability and effectiveness in addressing the
evolving challenges of e-learning sentiment analysis.

5. Conclusion. In this study, I proposed a hybrid GRU-FCM model for sentiment analy-
sis of student feedback on e-learning platforms, achieving superior performance compared
to traditional and state-of-the-art models such as CNN, LSTM, BERT, and ERNIE.
The GRU-FCM model demonstrated the highest accuracy (0.87), precision (0.83), recall
(0.90), and F1 score (0.86), underscoring its robustness and reliability. This model ef-
fectively captures temporal dependencies and manages sentiment ambiguity, making it
highly effective for practical applications in educational settings to improve e-learning ex-
periences. The comprehensive empirical assessment and comparison with recent models
validate the GRU-FCM’s efficacy in sentiment analysis. Future work can explore the in-
tegration of additional neural architectures and advanced clustering techniques, as well as
expanding the dataset to include more diverse feedback from various e-learning platforms,
to further enhance the model’s generalizability and performance.
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