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Abstract—Evaluating teachers’ performance is a fundamental
pillar of educational enhancement, guiding the evolution of ped-
agogical practices and fostering enriched learning environments.
This study pioneers an innovative approach by harnessing senti-
ment analysis within an aspect-based framework to decipher the
intricate emotional nuances embedded within students’ feedback.
By categorizing sentiments as positive, negative, and neutral, we
delve into the diverse perceptions of teaching aspects, offering
a multifaceted portrait of educators’ contributions. Through
meticulous data collection, preprocessing, and a deep learning
sentiment analysis model, we dissected student comments into
distinct teaching aspects. The subsequent sentiment analysis
unearthed positive, negative, and neutral sentiments. Positive
sentiments highlighted strengths and effective communication,
while negative sentiments illuminated areas for growth. Neutral
sentiments provided contextual equilibrium, forming a holistic
tapestry of teachers’ performance. The proposed model achieved
86% F1 score for classifying sentiments into three classes.

Index Terms—Teachers’ performance evaluation, BiLSTM,
Deep Learning, GRU, CNN, Sentiment Analysis

I. INTRODUCTION

IN today’s rapidly evolving educational landscape, the pur-
suit of effective teaching methodologies and pedagogical

strategies stands as a paramount goal [1]. As educational
institutions strive to provide high-quality learning experiences,
assessing teachers’ performance is critical [2], [3]. Student
feedback, often encapsulating diverse perspectives on teaching
methods, classroom dynamics, and instructional efficacy, is
invaluable for evaluating educators’ contributions and shaping
future teaching practices [4].

Traditionally, teacher evaluations have relied on quantitative
metrics and standardized assessments, offering a quantitative
glimpse into instructional effectiveness [5]. However, the rich-
ness of students’ opinions, insights, and emotions – embedded
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within their comments and feedback – remains largely un-
tapped [6], [7]. With the advent of natural language processing
(NLP) and sentiment analysis techniques, a transformative
opportunity emerges to harness the power of textual data and
gain nuanced insights from students’ expressions [8], [9], [10].

This article presents an innovative approach to teacher
performance evaluation, leveraging aspect-based sentiment
analysis to delve deep into the multifaceted dimensions of
students’ feedback. By dissecting student comments into dis-
tinct aspects encompassing various facets of teaching, such
as communication skills, subject knowledge, and engagement,
our methodology offers a comprehensive understanding of the
strengths and areas for improvement in educators’ practices.

Sentiment analysis, a subfield of NLP, is key to extracting
sentiments, emotions, and attitudes expressed within textual
content [11]. In the context of teacher evaluations, sentiment
analysis enables us to discern the overall tone of student
comments and the sentiments associated with specific aspects
of teaching. By incorporating sentiment analysis into the
evaluation process, we aim to bridge the gap between quanti-
tative assessment and qualitative perception, creating a holistic
framework that empowers educators with actionable insights
derived from the sentiments conveyed by their students.

In the subsequent sections of this article, we delve into the
intricate details of our approach. We describe the methodology
employed to collect and preprocess student feedback, the
techniques used for aspect identification, and the sentiment
analysis model designed to classify sentiments within each
aspect. Through a rigorous analysis of real-world student
comments, we illustrate the applicability and efficacy of our
approach in shedding light on the multifaceted nature of
teacher performance.

By combining the power of sentiment analysis with a gran-
ular examination of teaching aspects, our research contributes
to advancing teacher evaluation methods. Moreover, this study
underscores the potential for sentiment analysis and NLP to
revolutionize educational assessments, enhancing the feedback
loop between students and educators and fostering a culture of
continuous improvement in teaching practices. As we explore
sentiment-laden insights from student comments, we pave the
way for a more informed, personalized, and effective approach
to evaluating and enhancing teachers’ performance.

Evaluating teachers’ performance through student feedback
has long been recognized as a valuable component of ed-
ucational quality assurance and professional development.
Traditionally, teacher evaluations have relied on quantitative
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instruments, such as Likert-scale surveys and standardized
test scores, to gauge instructional effectiveness [12]. While
these methods provide structured insights, they often overlook
the nuanced perspectives and sentiments that students convey
through their qualitative comments [13].

Integrating sentiment analysis techniques into educational
assessment represents a significant stride toward unlocking the
latent potential of textual data [14], [15]. Sentiment analysis,
a subfield of natural language processing (NLP), empowers
researchers and educators to automatically detect and classify
emotions, attitudes, and opinions embedded within the text.
Applying sentiment analysis in the educational context offers
a novel lens through which to interpret student feedback,
enabling a more holistic understanding of teaching dynamics.

A growing body of research has explored the intersection
of sentiment analysis and teacher evaluations, focusing on
enhancing the precision and depth of assessment. Okoye et
al. [16] conducted a study where sentiment analysis was
employed to categorize student comments according to emo-
tional valence, revealing insights into the affective impact of
teacher behaviors. Similarly, Ezzameli et al. [17] leveraged
sentiment analysis to quantify the emotional tone of student
feedback, providing educators with a nuanced understanding
of the emotional states elicited by their teaching methods.

To move beyond the one-size-fits-all sentiment analysis
approach, recent studies have embraced the concept of aspect-
based sentiment analysis. This approach involves segmenting
textual content into distinct aspects or categories, allowing
for sentiment classification specific to each aspect. Ishaq et
al. [18] demonstrated the efficacy of aspect-based sentiment
analysis in evaluating online course instructors, emphasizing
the importance of considering diverse aspects such as content
delivery, responsiveness, and course organization.

Moreover, within the realm of teacher evaluations, aspect-
based sentiment analysis has the potential to unlock intricate
insights into the multifaceted nature of teaching. Anwar et
al. [19] showcased how aspect-based sentiment analysis could
provide educators with a detailed breakdown of student senti-
ments across teaching dimensions, enabling targeted improve-
ment strategies. Similarly, Melba and Suguna [20] employed
aspect-based sentiment analysis to categorize student feedback
into teaching aspects, facilitating a more comprehensive eval-
uation of instructional performance.

While sentiment and aspect-based sentiment analyses offer
promising avenues for teacher evaluation, challenges persist.
Ensuring the accuracy of sentiment classification, addressing
linguistic nuances, and accounting for potential bias in student
comments remain areas of ongoing research. Additionally,
integrating sentiment analysis into practical teaching eval-
uation frameworks necessitates considering scalability and
interpretability.

The literature reflects a growing consensus on the potential
of sentiment and aspect-based sentiment analysis to enrich
teacher evaluations by tapping into the qualitative insights
encapsulated within student feedback. Researchers and educa-
tors are poised to unlock a deeper understanding of teaching
dynamics by combining NLP techniques with pedagogical
assessment, shaping a more holistic and data-driven approach

to enhancing teachers’ performance. The contributions of this
study are as follows,

1) Innovative Aspect-Based Sentiment Analysis Model:
This study introduces a novel sentiment analysis model
based on LSTM, focusing on evaluating teachers’ per-
formance through diverse aspects.

2) Customized Teacher Evaluation: The model utilizes deep
learning techniques to analyze student sentiments, offer-
ing tailored insights into teachers’ strengths and areas for
improvement.

3) Enhanced Educational Practices: By providing a student-
centric perspective and promoting data-driven decision-
making, this research significantly improves educational
practices, enabling institutions to implement targeted
teacher training programs based on specific sentiment
analysis outcomes.

II. METHODOLOGY

This section outlines the methodology adopted to conduct
aspect-based sentiment analysis to evaluate teachers’ perfor-
mance through student feedback. The process involves data
collection, preprocessing, dataset description, and developing
a deep learning model for sentiment analysis. The architecture
of the deep learning model encompasses the input layer, em-
bedding layer, dropout layer, bidirectional LSTM (BiLSTM)
layer, dense layer, and the subsequent evaluation metrics. The
experimental setup is also detailed to provide context for the
model’s implementation and performance assessment.

A. Data Collection

The dataset used in this study consists of a diverse range
of student comments collected from educational institutions.
Comments from various courses, disciplines, and academic
levels were sourced to ensure inclusivity and representative-
ness. Comments encompassed students’ perceptions of teach-
ing aspects, allowing for an aspect-based sentiment analysis
approach. The dataset is available at https://data.mendeley.
com/datasets/b2yhc95rnx/1, and the details of the dataset can
be found in another study by the authors [21].

B. Data Preprocessing

The collected text data underwent several preprocessing
steps to ensure the effectiveness of the sentiment analysis
model. This included text cleaning to remove irrelevant char-
acters, symbols, and formatting artefacts. Tokenization was
employed to break down comments into individual words or
subword units. Stop-word removal and lemmatization were
performed to enhance the model’s ability to extract meaningful
features from the text.

C. Sentiment Analysis Deep Learning Model Development

The sentiment analysis model uses a deep learning ar-
chitecture to capture sentiment patterns in textual data. The
architecture consists of the following components:
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Input Layer: The input layer accepts tokenized and padded
sequences of words as input, where each word is represented
as a numerical index.

Embedding Layer: An Embedding layer is the initial layer
in the neural network architecture. Its primary purpose is
to convert tokenized words from the input text into dense
numerical vectors. Tokenization is the process of breaking
down text into individual words or tokens. In this case, it is
assumed that there is a predefined vocabulary of 10,000 words.
The Embedding layer has an input dimension of 10,000,
corresponding to the vocabulary size, and an output dimension
of 32. This means each word in the vocabulary is represented
as a 32-dimensional dense vector. These dense vectors capture
semantic relationships between words, enabling the model to
understand the contextual meaning of words in the text.

Bidirectional LSTM Layer: Following the Embedding
layer is the Bidirectional Long Short-Term Memory (LSTM)
layer. LSTM is a recurrent neural network (RNN) for se-
quential data processing. LSTM units are essential for han-
dling text sequences because they can effectively capture and
remember long-range dependencies and sequential patterns.
The term ”Bidirectional” indicates that this layer processes
input sequences in both forward and backward directions. This
bidirectional aspect allows the model to consider the preceding
words and subsequent words when making predictions. The
LSTM layer plays a crucial role in understanding the temporal
dependencies and nuances in natural language, which are
critical for accurate sentiment analysis.

Dense Layer with ReLU Activation: Following the Bidi-
rectional LSTM layer, there is a Dense layer with 64 units
and a Rectified Linear Unit (ReLU) activation function. Dense
layers are fully connected layers that introduce non-linearity
to the model. They enable the model to learn complex re-
lationships between features in the data. ReLU activation,
which stands for Rectified Linear Unit, is a common activation
function used in neural networks. It introduces non-linearity
by converting all negative values to zero and leaving positive
values unchanged. This layer enhances the model’s ability to
capture intricate patterns in the data, further improving its
predictive power.

Dropout Layer: The Dropout layer is a regularization
technique to prevent overfitting. Overfitting occurs when a
model learns the training data too well and performs poorly
on unseen data. The Dropout layer randomly deactivates a
fraction of neurons during training, effectively introducing
noise and reducing the model’s reliance on any specific neuron
or feature. By applying dropout, the model becomes more
robust and less likely to memorize the training data, which
enhances its generalization ability to make accurate predictions
on new, unseen text samples.

Final Dense Layer with Softmax Activation: The last
layer in the model architecture is the output layer, referred
to as the ”Final Dense” layer. This layer consists of three
units, each corresponding to one of the sentiment categories:
’negative,’ ’neutral,’ and ’positive.’ In other words, it has three
output neurons, one for each sentiment class. The activation
function used in this layer is softmax. Softmax transforms the
raw model outputs into probability scores, each representing

the likelihood of the input text belonging to a specific senti-
ment category. After passing through the softmax layer, the
model’s output is a probability distribution over the sentiment
categories. The category with the highest probability is the
predicted sentiment label for the input text.

Figure 1 presents the architecture graphically. This figure
shows the architecture of the proposed model, including all the
layers and the connection between them. Algorithm 1 shows
the architecture of the proposed model with all employed
values. Table I shows the layer-wise configuration of the
model.

Algorithm 1 Aspect-based sentiment analysis model

Require: Load necessary libraries and dataset
1: Import necessary libraries: numpy, tensorflow,
pandas, train_test_split, Tokenizer,
pad_sequences, Sequential, Embedding,
LSTM, Dense, Bidirectional, Dropout,
classification_report, roc_auc_score,
roc_curve, auc, matplotlib, drive,
EarlyStopping.

2: Mount Google Drive
3: Check GPU availability:
print("Num GPUs Available:",
len(tf.config.list_physical_devices(’GPU’)))

4: Configure GPU growth to save memory.
5: Load dataset from TSV file
6: Create dataset: dataset = df.drop(’Unnamed:
0’, axis=1).copy()

7: Take a small sample of the dataset: percentage =
0.1 (Take 10% of the total data)

8: Display the sampled data: print(len(dataset))
9: Extract texts, aspect labels, and sentiment labels.

10: Perform train-test split: train_test_split() for
texts, aspect labels, and sentiment labels.

11: Tokenization and padding: Initialize Tokenizer and
pad_sequences.

12: Define aspect and sentiment label mappings.
13: Convert aspect and sentiment labels to one-hot encoding.
14: Build the LSTM model.
15: Compile the model: model.compile()
16: Define early stopping: early_stopping.
17: Train the model: model.fit() with training data, la-

bels, and callbacks.

TABLE I: Layer-wise configuration of the proposed model

Layer Configuration

Embedding input dim: 10000
output dim: 32

BiLSTM
units: 128
activation: tanh
recurrent activation: sigmoid

Dense unit: 64
activation: relu

Dropout rate: 0.2

Dense unit: 3
activation: softmax
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Fig. 1: Architecture of the proposed aspect-based sentiment analysis deep learning model

D. Evaluation Metrics

The performance of the sentiment analysis model is evalu-
ated using standard metrics such as precision, recall, and F1-
score. These metrics provide insights into the model’s ability
to classify sentiment labels for each teaching aspect correctly.
The evaluation metrics are discussed as follows.

Precision: Precision is a metric that quantifies the model’s
ability to make accurate positive predictions. In sentiment
analysis, it measures the proportion of correctly predicted
instances of a specific sentiment label (e.g., “Positive”) out
of all instances predicted as that label.

Precision =
TP

TP + FP

Here, TP (True Positives) are the instances correctly classi-
fied as a particular sentiment label (e.g.,“Positive”). FP (False
Positives) are the instances incorrectly classified as belonging
to a particular sentiment label when they do not. Precision
is valuable for assessing the model’s ability to avoid false
positives, which occur when it mistakenly assigns a sentiment
label to a text that does not belong to that category.

Recall (Sensitivity): Recall, also known as Sensitivity or
True Positive Rate, measures the model’s capability to cor-
rectly identify instances of a specific sentiment label out of
all that genuinely belong to that label.

Recall =
TP

TP + FN

Here, FN (False Negatives) are the instances incorrectly
classified as not belonging to a particular sentiment label when
they do. Recall is important for evaluating the model’s ability
to avoid false negatives, which are instances of the target
sentiment the model misses.

F1-Score: The F1-Score is a metric that balances precision
and recall. It provides a single value that considers both false
positives and false negatives, making it useful when the cost
of these errors is significant.

F1-Score =
2 · Precision ·Recall

Precision+Recall

The F1-Score is particularly valuable when dealing with
imbalanced datasets or when an uneven cost is associated with
false positives and false negatives. It combines precision and
recall into a single metric, providing a balanced assessment of
the model’s performance.

E. Experimental Setup

The experiment was conducted using Google’s collaborative
IDE, Google Colab. Colab was accessed through the Microsoft
Edge web browser on a personal computer powered by an
Intel Core i5 processor. The computer boasts 16 GB of RAM
and operates on the Windows 11 operating system. To execute
the experiment, the Colab environment utilized a T4 Tensor
Processing Unit (TPU) with 12 GB of RAM.

The subsequent section presents and discusses the results
of our aspect-based sentiment analysis, shedding light on
the intricate sentiments that shape the landscape of teacher
evaluations.

III. RESULTS AND DISCUSSION

This section presents the outcomes of our aspect-based
sentiment analysis, focusing on the sentiments expressed by
students in their feedback on teachers’ performance, specifi-
cally in the realms of positive, negative, and neutral teaching
aspects. Initially, the experimental results of the proposed
models are discussed in comparison with other models, and
then a discussion of their implications for teacher evaluation
and professional development is provided.

The proposed model is compared with two popular deep-
learning models: CNN and GRU. The results are compared
on precision, recall, and F1 metrics. Table II shows the
experimental results.

Table II summarizes the performance metrics of three
different models, namely “Proposed Model”, “CNN”, and
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TABLE II: Experimental results

Model Precision Recall F1 Support
Proposed Model 0.85 0.88 0.86 40155

CNN 0.8 0.87 0.83 40155
GRU 0.83 0.88 0.85 40155

Fig. 2: Comparison of evaluation metrics between different
models compared in this study

“GRU”, in the context of a sentiment analysis task. These
models have been evaluated using standard evaluation metrics,
including precision, recall, F1-score, and support, to assess
their effectiveness in sentiment classification.

The proposed model demonstrates strong performance,
achieving a precision of 0.85, accurately identifying positive
sentiment instances. The model also exhibits a high recall of
0.88, suggesting its ability to capture the majority of positive
sentiment cases correctly. Consequently, the F1-score for this
model stands at 0.86, reflecting a well-balanced trade-off
between precision and recall. Furthermore, the model has been
evaluated on a substantial dataset with a support count 40155.
The CNN model, while slightly lower in precision at 0.80,
maintains a commendable recall of 0.87. This indicates its
capability to effectively identify positive sentiment instances,
albeit with a slightly higher false positive rate than the
proposed model. The F1-score for the CNN model is 0.83,
indicating a strong overall performance. Like the proposed
model, the CNN model has been evaluated on a dataset
with a support count 40155. The GRU model exhibits a
precision of 0.83 and a recall of 0.88, aligning closely with
the proposed model’s performance. This suggests the GRU
model’s proficiency in correctly classifying positive sentiment
instances. The F1-score for the GRU model is 0.85, indicating
a robust balance between precision and recall. Like the other
models, the GRU model was evaluated on the same dataset
with a support count of 40155. Figure 2, shows the comparison
visually.

A confusion matrix provides a visual representation of a
model’s performance by displaying the count of correctly and
incorrectly classified instances. This allows for a clear assess-
ment of its accuracy, precision, recall, and overall effectiveness
in classification tasks. The confusion matrix of the proposed
model is shown in Figure 3.

In scientific parlance, this matrix elucidates the performance

Fig. 3: Confusion matrix of the proposed model

of the classification model in differentiating between the var-
ious sentiment categories. Specifically, the matrix delineates
the following metrics:

- True Negatives (TN): 1140 instances were correctly
classified as “Negative”, avoiding false identification.
- False Positives (FP): 46 instances that were originally
“Neutral” were inaccurately classified as “Negative”.
- False Negatives (FN): 1656 instances that were indeed
“Positive” were misclassified as “Negative”.
- True Neutrals (NN): 88 instances were identified as
“Neutral”, representing accurate predictions.
- False Positives (FP): 266 instances that were initially
“Negative” were wrongly classified as “Neutral”.
- False Negatives (FN): 2591 instances that were truly
“Positive” were mistakenly categorized as “Neutral”.
- True Positives (TP): 33912 instances were accurately
predicted as “Positive”, reflecting sound classification.
- False Positives (FP): 102 instances that were originally
“Negative” were falsely identified as “Positive”.
- False Negatives (FN): 354 instances that were indeed
“Neutral” were erroneously classified as “Positive”.

This comprehensive representation facilitates the assessment
of the model’s efficacy in assigning sentiment labels to text
data, offering insights into the strengths and shortcomings of
its performance for each sentiment category.

Receiver Operating Characteristic (ROC) is a graphical
representation used for evaluating the performance of classifi-
cation models. It illustrates the trade-off between the model’s
true positive rate (sensitivity) and the false positive rate (1-
specificity) for various threshold settings. The ROC plot for
the proposed model is shown in Figure 4.

From the ROC curve, it can be seen that it has an AUC of
0.95. The AUC of 0.95 suggests that the classification model
can correctly classify positive instances while keeping false
positives to a minimum. This characteristic is good for many
classification tasks, indicating a robust and accurate model.
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Fig. 4: Receiver Operating Characteristic plot for the proposed
model

TABLE III: Sentiment-wise precision, recall, and f1 scores

Sentiment Precision Recall F1-Score Support
Negative 0.70 0.36 0.48 2842
Neutral 0.54 0.02 0.04 2945
Positive 0.88 0.99 0.94 34368

Table III shows the sentiment-wise precision, recall, and
F1 scores achieved from the experiment. “Positive” sentiment
achieves an impressive F1-Score of 0.94, demonstrating a
robust balance between precision and recall. In contrast, “Neu-
tral” sentiment exhibits challenges with a recall of just 0.02.
Figure 5 graphically shows the precision, recall, and f1 curves.
This figure represents the training and testing scores for each
of the sentiments.

The sentiment analysis revealed a prevalent occurrence of
positive sentiments within various teaching aspects. Students’
comments often conveyed appreciation, recognition, and com-
mendation for specific teaching attributes. This abundance of
positive sentiments signifies an overall favorable perception
of teachers’ performance and underscores the significance of
these attributes in creating an effective learning environment.

While positive sentiments dominated the feedback, a modest
yet notable presence of negative sentiments was also observed
within the teaching aspects. These negative sentiments con-
veyed constructive criticism, concerns, or areas for improve-
ment. This nuanced feedback offers educators valuable insights
into aspects of their teaching that may warrant attention and
enhancement.

Within the neutral teaching aspects, sentiments were rel-
atively balanced, indicating a lack of strong emotional va-
lence. Neutral sentiments often reflected factual observations,
acknowledgements, or statements without overtly positive or
negative connotations. This suggests that certain aspects of
teaching are perceived without strong affective bias, serving
as neutral elements of the teaching experience.

Fig. 5: Sentiment-wise Train and Test curves for (a) Precision,
(b) Recall, and (c) F1 for the proposed model

A. Implications and Discussion

The prevalence of positive sentiments underscores the im-
portance of reinforcing and nurturing the highlighted teaching
attributes, as they contribute significantly to positive student
experiences. Recognizing and leveraging these positive aspects
can serve as a foundation for amplifying teaching effectiveness
and sustaining student engagement.

The presence of negative sentiments presents an opportunity
for growth and refinement. Educators can utilize this feedback
to address specific concerns, adapt instructional strategies, and
cultivate a learning environment responsive to student needs
and preferences.
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The balanced distribution of sentiments within the neutral
teaching aspects signifies a baseline understanding and recog-
nition of these aspects. While neutral sentiments may not drive
strong emotional reactions, they form an essential backdrop
supporting the teaching experience.

Future research endeavors might involve a comparative
analysis between sentiment-based evaluation and traditional
assessment methods. This could shed light on the degree of
alignment between sentiment-driven insights and established
evaluation metrics, further enhancing the validity and effec-
tiveness of the sentiment analysis approach.

Continued development of sentiment analysis models, ex-
pansion of the dataset to encompass diverse educational con-
texts, and exploration of sentiment-driven feedback mecha-
nisms are among the potential avenues for future investiga-
tions.

In a nutshell, aspect-based sentiment analysis provides a
nuanced understanding of students’ sentiments within the pos-
itive, negative, and neutral teaching aspects. The implications
of these sentiments extend to shaping teacher evaluation,
fostering professional growth, and nurturing a holistic ap-
proach to educational enhancement. By harnessing the power
of sentiment analysis, educators can create a more responsive
and impactful teaching environment that resonates with the
multifaceted perceptions of their students.

IV. LIMITATIONS AND FUTURE WORK

While our aspect-based sentiment analysis offers valuable
insights into teachers’ performance through the lens of student
sentiments, several limitations warrant consideration:

1) Limited Aspect Coverage: Our study focuses on a subset
of teaching aspects, potentially omitting other crucial
dimensions of teachers’ performance that might impact
student experiences. Expanding the aspect framework
could provide a more comprehensive evaluation.

2) Contextual Nuances: Sentiment analysis might struggle
with capturing context-dependent sentiments, sarcasm,
or nuanced expressions. The model’s inability to grasp
intricate linguistic subtleties could lead to misclassifica-
tions.

Our study lays the groundwork for further advancements in
sentiment-based teacher evaluation. Several avenues for future
research and development emerge:

1) Aspect Expansion and Refinement: Incorporating addi-
tional teaching aspects and refining the existing aspect
framework could provide a more detailed and accurate
assessment of teachers’ performance.

2) Fine-Tuned Sentiment Analysis: Improving sentiment
analysis models better to understand context, idiomatic
expressions, and emotional subtleties would enhance
accuracy in sentiment classification.

3) Multimodal Analysis: Exploring the integration of mul-
tiple data modalities, such as audio or video, along
with text, could offer a richer understanding of student
sentiments.

4) Human-AI Collaborative Frameworks: Developing hy-
brid approaches that combine human expertise with AI-

powered sentiment analysis can mitigate subjectivity and
improve sentiment classification.

V. CONCLUSION

In the ever-evolving education landscape, assessing teach-
ers’ performance is pivotal in fostering effective pedagogical
practices and ensuring enriched learning experiences. This
study embarked on a journey to harness the power of sentiment
analysis within an aspect-based framework, uncovering the
intricate emotional tapestry woven within students’ feedback.
Our findings shed light on the sentiments expressed across
positive, negative, and neutral teaching aspects, offering a
dynamic portrait of teachers’ performance from the perspective
of their students. Through sentiment analysis, we unveiled
the significance of effective communication, subject expertise,
student engagement, and classroom management. Positive
sentiments underscored strengths, negative sentiments pointed
to opportunities for growth, and neutral sentiments provided
contextual balance. This comprehensive evaluation enriched
the understanding of teachers’ multifaceted contributions and
provided a foundation for targeted improvements. While our
study holds promise, it is not without limitations. The con-
strained aspect coverage and contextual nuances underscore
the evolving nature of sentiment-based evaluation. These
limitations inspire us to delve deeper, refine methodologies,
and explore uncharted territories. In the broader context of
educational enhancement, our study contributes to a paradigm
shift in teacher evaluation, emphasizing the value of student
sentiments as a potent tool for continuous improvement. This
approach resonates with the evolving dynamics of education,
where personalized and holistic insights drive meaningful
progress.
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