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Abstract The widespread use of social networks has provided a variety of active, dynamic,
and popular platforms for students to express their opinions and sentiments.
These data are increasingly being exploited and integrated into university in-
formation systems to better govern and manage universities and improve edu-
cational quality. The analysis of such data can offer valuable insights into stu-
dent experiences and attitudes towards various educational aspects including
courses, professors, events, and facilities. However, automatic opinion mining in
this context is challenging due to the difficulty of analyzing some languages such
as Arabic, the variety of used languages, the presence of informal language, the
use of emoticons and emoji, sarcasm, and the need to consider the surrounding
context. To deal with all these challenges, we propose a novel approach for an
effective sentiment analysis of student comments on the X platform (Twitter).
The proposed approach allows the collection of student comments from pub-
lic Twitter pages and automatically classifies comments into positive, negative,
and neutral. The new approach is based on ChatGPT capabilities, supports
three languages: English, Arabic, and colloquial Arabic, and integrates a new
scoring method that measures both the positiveness and subjectivity of stu-
dent comments. Experiments performed on simulated and real public Twitter
pages of five Saudi high education institutions showed the performance of the
proposed tool to analyze and summarize collected data automatically.
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1. Introduction

Social media platforms, such as “Facebook”, “Twitter”, “Instagram”, “LinkedIn” and
“TikTok” have emerged as popular spaces where people can freely express their
thoughts, opinions, and personal experiences. These platforms offer users an open
and free environment to create profiles, establish connections with friends, communi-
cate with family members, and share several types of online content including doc-
uments, photos, videos, and many other online resources. Social platforms enable
boosting interactions and engagements in the network by allowing users to easily like,
comment on, or share each other’s posts. The large number of users and the wide
range of activities on these platforms make them valuable resources across various
domains. For example, in the marketing domain, social networks provide a powerful
platform for businesses to promote their products or services [9, 19]. In healthcare,
social networks are utilized to disseminate health-related information and connect
patients with support groups [6, 16].

In the educational domain, social networks have been extensively used by edu-
cational institutions such as schools, faculties, colleges, and universities to improve
their digital presence and engage with their students, alumni, and broader commu-
nities [12, 13, 20]. These pages can be either official, created by the educational in-
stitutions, or unofficial, created by other parties. In any case, these pages on social
networks allow students to express their feedback on various aspects of their academic
journey, including courses, professors, campus facilities, and overall university experi-
ences. Data collected from these platforms are crucial for universities to understand
student thoughts, identify areas of improvement, and enhance the overall educational
experience [20]. For example, identifying the opinion of students regarding course
content allows universities to identify the courses that need new evaluations and im-
provements. This task is referred to as sentiment analysis (or opinion mining)
of student comments.

The sentiment analysis of student comments on social networks presents several
challenges that must be addressed to accurately detect the emotional tone expressed
in collected comments. One major challenge is the unstructured and informal na-
ture of student comments on social media platforms. These comments often include
slang, abbreviations, emojis, and other informal language constructs that complicate
the text processing and analysis stage. The unstructured textual comments require
comprehensive pre-processing tasks to organize them into a structured format to facil-
itate their effective processing by learning algorithms. Another significant challenge
is the inherent ambiguity and subjectivity of natural language. Sentiment analysis
algorithms must discern the context and nuanced meanings of words to accurately
detect the correct sentiment. The same term can convey different sentiments depend-
ing on its context. Texts containing subjective opinions often do not clearly indicate
a positive or negative sentiment and usually require sophisticated natural language
processing techniques to effectively interpret contextual meanings. Another critical
challenge in sentiment analysis is the difficulty of processing texts written in languages
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with complex morphological structures or texts written in colloquial languages. For
instance, the Arabic language presents unique challenges due to its rich morphology,
special characters, and right-to-left writing direction. Similarly, colloquial languages
or regional dialects pose significant challenges due to their informal nature and re-
gional variations. These dialects often include specific terms, idiomatic expressions,
and regional variations that are not well-represented in formal language corpora. Ex-
isting sentiment analysis tools, that can be effective for standard versions of languages,
often do not perform well with Arabic and colloquial languages. Advanced language
processing techniques are required to handle the complexities of these languages and
accurately analyze sentiments in diverse linguistic contexts.

To deal with all the discussed challenges, we propose in this paper an innovative
approach, centered around an improved context-aware sentiment analysis method,
able to effectively collect, analyze, and classify student comments on Twitter public
pages related to higher education institutions into positive, negative, and neutral cat-
egories. The proposed approach uses automated techniques to gather a substantial
volume of student comments from Twitter pages and then pre-process the unstruc-
tured textual comments to facilitate a comprehensive analysis of student sentiment.
The proposed approach has been designed to support formal and informal languages
to better recognize student opinions and thoughts. By combining the strengths of
lexicon-based and transformer-based methods, the proposed approach builds sen-
timent polarity scores for student comments through three phases leveraging both
TextBlob and ChatGPT capabilities and taking into account language nuances and
subjectivity of student comments.

The major contributions of this paper can be summarized as follows:

• Design of a New Hybrid Sentiment Analysis Model. We introduce an innovative
hybrid sentiment analysis model that effectively detects sentiments in student
comments collected from social networks. The model combines the strengths
of transformer-based methods (such as ChatGPT) and lexicon-based approaches
(such as TextBlob), providing a comprehensive and accurate sentiment detection
framework.

• Exploration of Transformative Models for Complex Languages. We explore and
evaluate the capability of transformer models, such as GPT-turbo-3.5, in enhanc-
ing sentiment analysis for languages with complex morphological structures and
non-rich corpora, such as Arabic. We also examine their effectiveness in process-
ing text written in colloquial languages, addressing the challenges of informal
and region-specific dialects.

• Comparative Analysis of Model Effectiveness. A comparative analysis of the pro-
posed hybrid model against conventional machine learning, deep learning, and
transformer-based models is conducted. The comparison demonstrates the supe-
rior performance of the hybrid contextual-based approach in accurately detecting
sentiments in student comments across different languages, including English,
Arabic, and colloquial Arabic.
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The rest of this paper is organized as follows: Section 2 gives an overview and
a literature review of sentiment analysis in the educational domain. Then, Section 3
describes the steps and data analytic components of the proposed sentiment analysis
of student comments on the Twitter platform whereas Section 4 gives the empirical
experiments that were performed to show the effectiveness of the proposed approach.
Finally, Section 5 gives concluding remarks and future direction to improve this work.

2. Sentiment analysis in the educational domain

2.1. Sentiments analysis

Sentiment analysis is an automatic processing of textual data that automatically de-
tects the emotional tone expressed in texts such as positiveness, negativeness, sadness,
happiness, etc. Automatic sentiment analysis has been applied in several domains such
as e-commerce, politics, and sports. For instance, in e-commerce, sentiment analysis
has enabled companies to gain insights into customer satisfaction levels, and mar-
keting strategies based on the sentiment analysis of customer reviews and feedback.
Another example can be cited from politics where sentiment analysis is applied to un-
derstand voter sentiment by automatically assessing positiveness towards candidates,
policies, political campaigns, etc.

Independently of the specificity of each domain, the conventional sentiment anal-
ysis process is usually based on text analytic techniques and typically involves four
steps: Text Pre-processing step, Tokeneziation and feature extraction step, Sentiment
classification step, and Sentiment interpretations as described in Figure 1.

In the first step, text pre-processing, textual data are collected, cleaned, and
pre-processed to remove any irrelevant information, such as special characters, punc-
tuation, and stop-words. Then, in the Tokenization step, the text is divided into
smaller units called tokens (i.e. words, phrases, or even sentences). Tokenization
enables the breaking down of large textual data into meaningful units ready to be
analyzed. Once tokens are prepared, the most relevant features are extracted from
the tokens to better represent the studied text. These features can include words,
n-grams, parts of speech, or any other syntactic patterns. The choice of selected and
relevant features depends on the specific sentiment analysis technique being used.
Once the text is represented by features, a classification model is applied to assign
sentiment labels to the text. Various sentiment analysis approaches can be used to
determine the sentiment orientation of textual units including lexicons-based, corpus-
based, machine learning, and deep learning approaches. The final step, sentiment
interpretations, aims to interpret the sentiment scores or categories that range from
a binary sentiment classification (positive or negative) to a more fine-grained senti-
ment analysis that includes several categories or sentiment intensity scores.
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Figure 1. Four steps of the sentiment analysis process: text pre-processing,
feature extraction, sentiment classification, sentiment interpretations

2.2. Literature review of sentiment analysis techniques
in the educational domain

In the educational domain, sentiment analysis has gained significant attention as it
allows an automatic analysis of student feedback on various educational resources
such as course contents, teaching experiences, and instructor abilities. Several ap-
proaches have been adopted to perform such automatic sentiment analysis within
the educational domain. Existing approaches can be classified into three categorie:
rule-based, machine learning, and hybrid approaches. Rule-based approaches utilize
predefined sets of sentiment words and linguistic rules to classify sentiment polarity.
On the other hand, machine learning techniques involve training classifiers on labeled
datasets to automatically recognize sentiment patterns. Hybrid models leverage the
strengths of both approaches for improved accuracy and flexibility.

Rule-based approaches can be based on a single lexicon or on a whole corpus.
The first, lexicon-based, relies on sentiment lexicons or dictionaries that contain words
or phrases with pre-assigned sentiment polarity, (i.e. positive, negative, and neutral).
Sentiment scores are assigned to text based on the frequency of sentiment words in the
lexicon. The lexicon-based approach has been used to label educational data without
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a need for an excessive manual labeling step. In [31] the authors evaluated the impact
of two active learning methods, flipped classrooms and lightweight teams, on student
emotions by using a lexicon-based sentiment analysis approach. The authors utilized
the National Research Council (NRC) lexicon to assign fine-grained emotions includ-
ing joy, fear, trust, anger, sadness, disgust, and anticipation. The study was based
on both quantitative and qualitative student feedback. Quantitative feedback was
measured through Likert scales whereas qualitative feedback was determined through
student feelings and opinions about the course. The results indicate that the imple-
mentation of these active learning methods is associated with increased positivity in
student emotions. Some work [5, 25] tried to improve lexicon-based sentiment analy-
sis in the educational domain either by using open textual feedback or by proposing
customized sentiment lexicons for the educational domain. Rajput et al. used open-
ended student feedback to evaluate teachers. Textual student feedback was analyzed
by employing various text-analytic techniques to build a sentiment analysis-based
metric to determine the teacher score. This technique allowed a deeper evaluation
of teachers’ performance. in another lexicon-based approach, Chauhan et al. [5] pro-
posed to improve the existing Bing lexicon and developed a customized sentiment
lexicon. They applied the proposed customized sentiment lexicon to calculate senti-
ment polarity from academic course feedback texts. The process involved tokenizing
sentences using the bag-of-words model and determining the polarity score of each
word using both Bing and a new customized lexicon. The authors showed that com-
bining the two lexicons effectively improves both the detection of opinion words and
the polarity scoring process. In fact, the quality of the lexicon-based approach is
highly relative to the richness of the used dictionary. For this reason, a corpus-based
approach can be adopted to enhance sentiment lexicons by incorporating prior in-
formation about words and their semantic orientation. The corpus-based approach
estimates the semantic polarity of the target word by calculating the semantic distance
between a word and a set of positive or negative words.

The second category of sentiment analysis approaches is based on supervised and
unsupervised annotation techniques to automatically classify or predict the sentiment
orientation of textual data. Several machine learning methods have been used to an-
alyze textual student feedback. In the work of [24] student feedback was analyzed to
assess course materials. The authors used the logistic regression technique to classify
textual evaluations of course materials into positive, negative, or neutral. In [32] the
authors propose a support-vector-machine-based learning model for the early iden-
tification of students who are likely to fail in an academic course. The proposed
model gives educators the opportunity to early detect academic failure and support
students to become self-regulated learners. Other machine learning techniques were
also used to automatically detect sentiment orientation including multinomial logis-
tic regression, decision tree, multi-layer perceptron, XGBoost, Gaussian Naive Bayes,
and k-nearest neighbors [1,7,11,15,28]. In order to improve the accuracy of machine
learning-based approaches, deep learning techniques, especially Recurrent Neural Net-
works (RNNs) and Convolutional Neural Networks (CNNs) have been evaluated for
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sentiment analysis of student feedback. These deep learning models were trained on
large textual student feedback to learn the sentiment patterns. In the works of [30],
the CNN model was used to evaluate teachers’ effectiveness based on student feedback
collected through a questionnaire including both structured and unstructured data.
In the works of [26], the authors evaluated the ability of RNN to effectively detect the
right word emotion based on an ensemble Long Short-Term Memory (LSTM) with
attention layers. The authors showed that the use of multiple layers largely improves
the result compared with conventional machine learning techniques. Other works
also proposed the fusion of several deep learning models. In [3], the authors combined
CNN and Bi-LSTM models to detect users’ feelings. The authors showed that the
fusion of CNN and BiLSTM improves sentiment detection accuracy compared with
conventional machine learning techniques. In fact, all the deep learning models, in-
cluding RNN, CNN and LSTM, have shown effectiveness in capturing the sequential
dependencies in textual data and capturing local patterns and features in educational
comments, feedback, and texts. However, these deep learning-based approaches have
shown their limits in detecting contextual nuances and semantic relationships of texts.

More recent learning-based models [8,17,22,29] tried to solve the issue of contex-
tual nuances by using pre-trained transformer models, such as Bi-directional Encoder
Representations from Transformers (BERT) and Generative Pre-trained Transformer
(GPT). In [8], the authors uses the BERT model to handle the complex relationships
between students, teachers, and courses, as well as to tackle various challenges en-
countered during the learning process. The authors demonstrated the effectiveness of
BERT in enhancing the analysis of student data. Similarly, in [17], the authors com-
bine deep learning techniques with BERT to accurately detect sentiment polarity from
collected comments. Their proposed model, BERT-CNN, outperforms traditional ma-
chine learning models, showcasing the power of BERT in sentiment analysis of student
data. Moreover, the authors in [18] and [22] explored the use of BERT for improved
contextual sentiment analysis of textual data. These studies demonstrated the ef-
fectiveness of BERT in capturing nuanced sentiment information in the context of
student feedback. In addition to BERT, recent research has explored the effectiveness
of GPT-based models in sentiment analysis of student feedback. In [23] and [3], the
authors investigated the sentiment classification capabilities of various GPT-based
models, including prompt-based and fine-tuning GPT models. The results demon-
strated the superior predictive performance of GPT approaches, along with their
ability to understand contextual information and detect sarcasm. This highlights the
potential of GPT-based models in capturing nuanced sentiment information in the
analysis of student feedback. Furthermore, a comparative study conducted by [22]
further supports the effectiveness of GPT-based models in understanding and in-
terpreting student sentiments in diverse research scenarios. In fact, Both BERT and
GPT-based models have proven to be powerful tools for sentiment analysis in the con-
text of education. They offer the advantage of leveraging pre-training on large-scale
datasets, enabling them to capture contextual information and nuances in sentiment
expression without the need for extensive feature engineering [10].
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The third category of sentiment analysis approaches in the educational domain
combines both lexicon-based and learning-based methods to leverage the strengths
of each method. In [27], the authors proposed a deep learning-based opinion mining
system based on a two-layered Long Short-Term Memory model: aspect extraction
and sentiment polarity detection layers. The first layer predicts the aspects of student
feedback while the second specifies the orientation (positive, negative, and neutral).
The system is enforced using a domain embedding dictionary in both layers. Also,
the authors in [2] proposed to use BERT, TextBlob, machine learning, and ensemble
methods for an improved user feedback analysis. BERT and TextBlob were used
for text annotations while machine learning and ensemble methods were used for
sentiment classification.

Similarly in [21] and [14], the authors combined machine learning and lexicon-
based approaches for sentiment analysis of students’ feedback. Textual feedback was
trained using a TF-IDF representation enhanced with contextual lexicon-based fea-
tures. The authors showed that the combination of both approaches effectively im-
proves results compared to conventional techniques. However, combining both ap-
proaches may be computationally expensive while requiring additional prepossessing
steps, feature engineering, and model integration. Despite these limits, hybrid senti-
ment analysis can offer advantages by leveraging the strengths of both lexicon-based
and machine learning-based approaches. A hybrid approach can provide a deeper
understanding of sentiment by combining explicit and implicit rule-based heuristics.

2.3. Challenges of implementing automatic sentiment analysis
in the educational domain

The automatic sentiment analysis of student comments on social networks faces sev-
eral challenges that need to be addressed to effectively analyze and determine the emo-
tional tone expressed in textual data. First, the unstructured nature of textual data
makes automatic analysis of these data highly difficult and requires a pre-processing
step to transform the data into a numerical format that can be easily used as inputs
for automatic sentiment analysis algorithms. This task includes word extractions, re-
moving punctuation, converting to lowercase, handling special characters, and many
other text pre-processing tasks. All these tasks would be more difficult to perform on
student feedback collected from social platforms given that students often use infor-
mal language, slang, abbreviations, and emojis in their social media comments. These
linguistic elements add complexity to sentiment analysis as they may have connota-
tions specific to social platforms and student interactions. It would be challenging to
perform automatic sentiment analysis algorithms on such data types.

Another challenge is the ambiguity in natural languages. In fact, words can have
multiple meanings depending on the context in which they are used. This ambigu-
ity makes it difficult to accurately determine the sentiment expressed in a particular
text. Contextual understanding and disambiguation techniques are necessary to over-
come this challenge. Additionally, student comments on social networks may express
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subjective opinions and thoughts that do not clearly indicate positiveness or negative-
ness. Developing robust systems that can effectively capture and quantify subjective
student comments is of high importance to effectively identify the right expressed sen-
timents. To deal with all these challenges, we propose in the next section a contextual
aware sentiment analysis system that can effectively solve all the discussed problems.

3. Proposed approach

We propose in this section a new ChatGPT-based approach for the sentiment anal-
ysis of student comments in social networks. The proposed approach, referred to as
Twitter Sentiment Analysis of Student Comments (TSASC), aims to automatically
detect the polarity of student comments on the Twitter social platform.

TSASC combines the advantages of lexicon-based and transformer-based meth-
ods in order to build the sentiment polarity of student comments. Sentiment polarity
scores are built using both TextBlob and ChatGPT through a three-phase approach
as described in Figure 2. We describe in the following the different three phases and
the different tasks for each phase.

3.1. Phase 1: Twitter student comments cleaning

The first phase aims to build a relevant and clean textual database of student com-
ments. By using “Tweepy”, we collected more than 5000 comments from Twitter pages
related to five Saudi high educational institutions. Most of the collected comments are
in Arabic and colloquial Arabic. Only a few comments are written in English. Given
that many comments contain advertisements or request academic or non-academic
information and are not relevant to the sentiment analysis task, we removed all the
comments containing an advertisement, containing a question mark, or written in
a question form. After that, by using the “re” library, we tried to clean the student
comments by removing all mentioned URLs, users, tags, dates, and numbers.

We also removed special characters, punctuation, and symbols that do not con-
tribute in detecting the sentiment polarity. We also converted all comments to lower-
case to ensure consistency and avoid case differences for English comments. However,
concerning emoticons and emojis, by using the “Emojis” library, we defined a list
of positive and negative emoticons and then replaced all these emoticons with the
words “positive” or “negative” for English comments and with the words “ijabi” and
“salbi” for Arabic and colloquial Arabic to refer to positiveness and negativeness in
each comment. The other non-defined emoticons and emojis are deleted from student
comments.

Figure 3 shows an example of Twitter emoticons that were used in student com-
ments and were replaced by positive and negative words in English, Arabic, and
colloquial Arabic.
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Figure 2. Proposed hybrid sentiment analysis of student comments in social platforms.
Sentiment polarity scores are built using both TextBlob, as a lexicon-based method, and

ChatGPT as a transformer-based method
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Figure 3. Examples of positive and negative Twitter emoticons. All positive emoticons are
replaced by the words “positive” while negative emoticons are replaced by the words “nega-

tive”

3.2. Phase 2: building sentiment polarity and subjectivity scores

The second phase aims to build sentiment polarity and subjectivity scores of student
comments using TextBlob and ChatGPT. The first, TextBlob, is a Python Natural
Language Processing (NLP) library that provides simple and various NLP operations
and functionalities including part-of-speech tagging, tokenization, spell-checking and
sentiment analysis. It facilitates common NLP tasks and provides for developers with
a convenient interface to analyze and process the textual data. The sentiment anal-
ysis function in TextBlob begins by the creation of an object by passing the text to
be analyzed as a parameter. Then, the text is tokenized into a bag of words for fur-
ther analysis. After that, the polarity score is calculated for each single word in the
text using a sentiment lexicon (pre-defined dictionary). TextBlob utilizes its built-in
sentiment lexicon using a pre-defined collection of words with associated sentiment
scores. After assigning individual scores to all the words, the global sentiment for
the input text is calculated by a pooling operation like taking an average of all single
sentiment scores. The sentiment polarity score is normalized to a value between −1

and 1 where −1 indicates highly negative sentiment, 1 indicates highly positive senti-
ment, and 0 for neutral sentiment. TextBlob allows also building a subjectivity score
for each comment that represents the degree of subjectivity or objectivity in a given
text. The score is a numeric value between 0 and 1 where 0 indicates highly objec-
tive text and 1 indicates highly subjective. A subjectivity score close to 1 indicates
that the comment may contain personal opinions or express an emotion. Figure A1
gives a small example of building sentiment polarity and subjectivity scores for the
input text “I absolutely love the teacher methodology! It’s amazing!”. TextBlob builds
a positive sentiment polarity equal to 0.6875 and also a high subjectivity for the input
text equal to 0.75.
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The second tool used for building sentiment polarity scores is ChatGPT [33]
which allows the generation of human-like responses based on a given user request,
also called a user prompt. This tool has been trained on diverse huge textual data
and supports several human languages including several colloquial languages. We ex-
plored the ChatGPT natural language processing capabilities by using the recently
proposed OpenAI API and based on GPT-3.5-turbo learning model. The OpenAI
GPT-3.5-turbo learning model has been trained to understand human natural lan-
guage and allows to provide text outputs in response to a user prompt. The design of
a user prompt is similar to designing instructions in a computer program describing
how to successfully complete a task. Several tasks can be defined including text an-
alyzer, question answer about a knowledge base, translating text, or interpreting the
sentiments in a given text.

To build sentiment polarity and subjectivity scores for a given input text using the
GPT-3.5-turbo model through the OpenAI API, we designed two functions, “analyze-
sentiment-polarity” and “analyze-subjectivity”, and requested the “Chat Completions
API” to build responses containing the calculated scores. We give in the following
a description of the two designed functions:

1 def analyze_sentiment_polarity(sentence):
2 response = client.chat.completions.create(
3 model="gpt-3.5-turbo",
4 messages=[
5 {
6 "role": "system",
7 "content": "You will be provided with a given textual

sentence in the context of education, and your task is
to calculate a sentiment score between -1 and 1."

↪→

↪→

8

9 },
10 {
11 "role": "user",
12 "content": sentence
13 }
14 ],
15 temperature=0.2,
16 max_tokens=10,
17 top_p=1
18 )
19

20 sentiment_score = response.choices[0].message.content
21 return sentiment_score
22

23
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24 def analyze_subjectivity(sentence):
25 response = client.chat.completions.create(
26 model="gpt-3.5-turbo",
27 messages=[
28 {
29 "role": "system",
30 "content": "You will be provided with a given textual

sentence in the context of education, and your task is
to calculate a subjectivity score between 0 and 1"

↪→

↪→

31 },
32 {
33 "role": "user",
34 "content": sentence
35 }
36 ],
37 temperature=0.2,
38 max_tokens=10,
39 top_p=1
40 )
41

42 subjectivity_score = response.choices[0].message.content
43

44 return subjectivity_score

For the first function, “analyze-sentiment-polarity,” we utilize the OpenAI
client.chat.completions.create() function with various parameters. We start by speci-
fying the GPT-3.5-turbo model as our learning model. In the design of the message
parameter, we define the system and user roles. In the system’s role, we request the
model to generate a sentiment score between −1 and 1, representing the sentiment po-
larity of a given input textual sentence. We explicitly mention the context by using the
term “education” to provide contextual information. By incorporating the intended
context, the fine-tuned GPT-3.5-turbo model can generate more accurate sentiment
scores that are contextually aware. Regarding the user’s role, we indicate that the
user will provide an input textual sentence for sentiment analysis. Additionally, we
set the temperature parameter to a low value of 0.2 to ensure more deterministic and
stable sentiment scores. The max_token parameter is set to 10, allowing us to effec-
tively receive and store the score results. Finally, we set top_p = 1, which considers
all possible tokens without the need for sampling. These same parameters are also
applied to the second function, “analyze-subjectivity”, which we designed to calculate
a subjectivity score using the GPT-3.5-turbo model. In this case, the system role is
responsible for generating a subjectivity score between 0 and 1 with an wxlocit indi-
cation of the “education” context. For a complete description and call of the defined
functions through the OpenAI API please refer to Appendix 2.
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To provide readers with a clearer understanding of the sentiment polarity and
subjectivity scores obtained using TextBlob and ChatGPT, Table 1 presents the
results for different sample English messages. These scores were generated using
TextBlob and ChatGPT tools and reveal variations in sentiment and subjectivity as-
sessments. We show that TextBlob tends to assign slightly lower sentiment scores
compared to ChatGPT. This difference suggests that TextBlob may be more con-
servative in its sentiment analysis, potentially leading to a more neutral sentiment
classification for some messages. On the other hand, ChatGPT often exhibits lower
subjectivity scores, indicating a more objective interpretation of the given statements.
It is also important to note that the reported results are specific to the English lan-
guage given that TextBlob is limited to English comments and cannot be applied to
Arabic or colloquial Arabic comments.

Table 1
Sentiment analysis results

# Message TextBlob ChatGPT

1 “the teacher gives a good textbook for
the operating system course”

sentiment = 0.7
subjectivity = 0.6

sentiment = 0.7
subjectivity = 0.3

2 “I’m not sure how I feel about exams”
sentiment = –0.25
subjectivity = 0.88

sentiment = –0.4
subjectivity = 0.7

3 “Do you get nervous before an exam?”
sentiment = 0

subjectivity = 0
sentiment = –0.3
subjectivity = 0.7

4 “This was a helpful example but I would
prefer another one”

sentiment = 0
subjectivity = 0

sentiment = 0.2
subjectivity = 0.8

5 “I absolutely love the teacher methodol-
ogy! It’s amazing!”

sentiment = 0.68
subjectivity = 0.75

sentiment = 0.9
subjectivity = 0.1

To leverage the strengths of both tools and create a more effective sentiment
analysis score, we propose to combine scores from TextBlob and ChatGPT to take
advantage of the nuanced analysis provided by each tool. Respecting to the comment
detected language, polarity and subjectivity scores of student comments are calculated
based on a set of rules and tasks as described in the second phase of Figure 2. We
give in the following a detailed description of these tasks and rules:

• Set of rules 1 (detected language is English). A pre-processing of English com-
ments is performed by removing stop words that do not contribute in determining
the sentiment polarity such as “from”, “this”, “on”, “was”, etc. We used a list of
English stop words available in the Python Natural Language Toolkit [4]. Then, a
stemming task is performed to reduce words in each comment to their root forms.
This can help in consolidating similar words and reducing vocabulary size when
using TextBlob. After that, the pre-processed comments are used as inputs for
both TextBlob and ChatGPT. For each comment ENi, we generated four scores:
PBlob(ENi) and SBlob(ENi) that represents sentiment polarity and subjectivity
scores calculated using TextBlob and PGPT (ENi) and SGPT (ENi) that repre-
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sents sentiment polarity and subjectivity score calculated using ChatGPT 3.5

turbo. For ChatGPT, we added a contextual indication “education” in the tex-
tual request of building a sentiment score between −1 and 1 and also in detecting
the sentiment subjectivity of the whole comment. The contextual indication al-
lows the pre-trained ChatGPT model to give a more accurate sentiment analysis
of student comments.

• Set of rules 2 (detected language is Arabic). Concerning sentiment scores
built by ChatGPT, Arabic comments are given as inputs without any text pre-
processing tasks. ChatGPT is pre-trained to analyze such data and build an
effective sentiment polarity score. However, a contextual indication “ Ð” that
refers to education is added to improve the contextual analysis when building
the sentiment polarity PGPT (ARi) and the subjectivity SGPT (ARi) scores. On
the other hand, to build sentiment scores using TextBlob, we translated Ara-
bic comments to English using ChatGPT, then pre-processed the output text
by removing stop words and finally the sentiment polarity PBlob(ARi) and the
subjectivity scores SBlob(ARi) are built using TextBlob sentiment function.

• Set of rules 3 (detected language is colloquial Arabic). Similarly to Arabic com-
ments, colloquial Arabic comments are given as inputs to ChatGPT without a
pre-processing task. Only a contextual indication “ Ð” is added to the ChatGPT
request to refer to comments relative to the education domain for building the
sentiment polarity PGPT (CAi) and the subjectivity SGPT (CAi) scores. However,
colloquial Arabic comments are translated to English using ChatGPT and then
pre-processed by removing stop words and given as inputs to TextBlob to gen-
erate the sentiment polarity PBlob(CAi) and the subjectivity SBlob(CAi) scores.

3.3. Phase 3: building global sentiment polarity score
and interpreting sentiment classes

This phase aims to assign a sentiment class for each student comment based on
polarity scores built in the previous step. In the first step, building global sentiment
polarity scores, a global sentiment score is calculated for each student comment based
on a combination of polarity scores obtained using TextBlob and ChatGPT. To build
a global score for each comment ENi, ARiand CAi, we defined a combination function
that uses the subjectivity scores as weights for calculating global sentiment polarity
scores in the overall function as follows:

• English comments: for each English comment ENi, given the two senti-
ment polarity scores PBlob(ENi) and PGPT (ENi) and the two subjectivity scores
SBlob(ENi) and SGPT (ENi) built using TextBlob and ChatGPT, the global sen-
timent score P (ENi) is calculated by:

P (ENi) =
(SGPT (ENi) · PGPT (ENi)) + (SBlob(ENi) · PBlob(ENi))

SGPT (ENi) + SBlob(ENi)
(1)
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• Arabic comments: for each arabic comment ARi, given the two sentiment
polarity scores PBlob(ARi) and PGPT (ARi) and the two subjectivity scores
SBlob(ARi) and SGPT (ARi) calculated using TextBlob and ChatGPT, the global
sentiment score for each arabic comment ARi is calculated by:

P (ARi) =
(SGPT (ARi) · PGPT (ARi) + SBlob(ARi) · PBlob(ARi))

SGPT (ARi) + SBlob(ARi)
(2)

• Colloquial Arabic comments: for each colloquial arabic comment CAi, given
the two sentiment polarity scores PBlob(CAi) and PGPT (CAi) and the two
subjectivity scores SBlob(CAi) and SGPT (CAi) calculated using TextBlob and
ChatGPT, the global sentiment score for each colloquial arabic comment P (CAi)

is calculated by:

P (CAi) =
(SGPT (CAi) · PGPT (CAi) + SBlob(CAi) · PBlob(CAi))

SGPT (CAi) + SBlob(CAi)
(3)

We notice in Equation (1), (2) and (3) that a bigger weight is assigned for ChatGPT
scores compared to those built using TextBlob. This choice is based on our study
of small examples of comments that showed better performance of ChatGPT com-
pared to TextBlob specifically for Arabic and colloquial Arabic comments. One can
adjust these weights by assigning similar weights or giving more importance to any
selected tool.

Once global polarity scores for student comments are calculated, the next step
aims to interpret the sentiment classes based on the following defined five interpreta-
tion rules:

1. Interpretation rule 1 (if the global polarity score is above a threshold 0.2:)
Classify the comment as positive

2. Interpretation rule 2 (if the global polarity score is under a threshold of −0.2:)
classify the comment as negative

3. Interpretation rule 3 (if the global polarity score of a comment is in the interval
[−0.2,−0.1]:) if the calculated subjectivity of TextBlob (SBlob) and ChatGPT
(SGPT ) are both above −0.2 and both calculated polarities are negative then
classify the comment as negative else classify the comment as neutral.

4. Interpretation rule 4 (if the global polarity score of a comment is in the interval
[0.1, 0.2]:) if calculated subjectivity of TextBlob (SBlob) and ChatGPT (SBlob)
are both above 0.2 and both calculated polarities for the comment are positive
then classify the comment as positive else classify the comment as neutral.

5. Interpretation rule 5 (if the global polarity score is in the interval [−0.1, 0.1]

(within a range around 0):) classify the comment as neutral.
We considered for all these rules a subjectivity threshold equal to 0.2 and a po-

larity threshold equal to 0.1. These thresholds are fixed based on an experimental
study of subjectivity and polarity scores built for all the comments. One can adjust
these thresholds based on the specificity of the application or the specificity of the
studied data.
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4. Experiments and empirical evaluations

4.1. Data set description

In order to evaluate the quality of the proposed sentiment analysis approach, we
manually annotated an ensemble of 1266 student comments that were extracted from
Twitter pages of five Saudi higher colleges on the Twitter platform posted between
April 2022 and June 2023. The annotated dataset contains 1266 comments including
134 in English, 460 in Arabic and 672 in colloquial Arabic. The selected comments
were tagged by a human annotator with sentiment labels including positive, negative,
and neutral categories for each language. The statistics for annotated comments are
described in Table 2. The final distribution of the sentiment labels in the overall
dataset is as follows: 607 are labeled as neutral, 355 are labeled as positive, and 304

are labeled as negative.

Table 2
Statistics of the build dataset from five university pages on the Twitter platform

Dataset Language Classes
Positive (39)

English (134) Negative (48)
Twitter student Neutral (47)

comments dataset Positive (108)
Arabic (460) Negative (117)

(1266) Neutral (235 )
Positive (188)

Colloquial Arabic (672) Negative (139)
Neutral (325)

As described in Section 3.1, several pre-processing steps were applied to enhance
the quality of the extracted textual comments. Irrelevant comments including ad-
vertisements were filtered out. English comments were transformed into lowercase,
tokenized, and split into individual words. Also, stop words, punctuation marks, and
special characters were removed. The resulting pre-processed dataset is used as input
for the sentiment classification methods.

To better explore the built student comments dataset, we visualized the word
cloud of English, Arabic, and colloquial Arabic comments. The word clouds provide
an overview of the keywords and topics discussed by students giving insights into
their sentiments, concerns, and experiences related to education and university life.
Word clouds are generated by analyzing the frequency of words in the comments and
representing them graphically such that the size of each word indicates its relative oc-
currence. The most frequently used words appear larger and bolder while less frequent
words are visualized smaller. For English comments, we colored positive and negative
words in green and red based on the TextBlob dictionary. The coloring cannot be
performed for Arabic and colloquial Arabic given that TextBlob only gives polarity
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of English terms. Figure 4 shows the most used English terms in the built dataset
including “course”, “teacher”, “instructor”, “material”, etc. This figure also shows a few
detected positive words (i.e. “easy”, “much” and “challenging”) and a few detected
negative words (i.e. “unfair”, “difficult” and “minimal”). We notice that all the colored
terms have been well classified whether for positive or negative polarities.

Figure 4. Wordcloud of extracted student comments in English.
Positive and negative words are schematized in green and red colors

based on the TextBlob dictionary

Although the high precision of classifying positive and negative terms, Figure 4
shows the limit of using TextBlob for polarity detection since several positive and
negative words are not detected. For example, evident words that express positive-
ness such as “timely” and “motivated” and also words that express negativeness such
as “inaccessible”, “unsupported” and “disinterested” are not detected and classified by
TextBlob. This shows the limit of using lexicon-based algorithms, based on TextBlob
dictionary, for detecting the sentiment polarity of student comments. Concerning Ara-
bic and colloquial Arabic comments, Figure 5 and Figure 6 show the most frequent
Arabic and colloquial Arabic words. By examining the prominent words in the two
figures, we notice the existence of several Arabic words expressing positiveness and
negativeness related to the educational field such as Ð and “ ð ” that refer to “pro-
fessor” and “training” respectively. These two figures also show the effectiveness of
ChatGPT in separating Arabic from colloquial Arabic comments. Figure 6 visualizes
several words from the Arabic colloquial language such as “bidina =

�
@” and “ yji =

�
@”

as are pronounced in Arabic to refer to “we can do something” and “possible”.
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Figure 5. Wordcloud of extracted student comments in Arabic

Figure 6. Wordcloud of extracted student comments in colloquial Arabic

4.2. Experimental results and discussions

In order to evaluate the performance of the proposed approach compared with existing
methods, we used four evaluation measures: Precision, Accuracy, Recall, and F1-score.
These measures are used to evaluate whether the predictions of sentiment classes are
correct with respect to the underlying correct sentiment labels.
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Precision measures the proportion of correctly predicted comments for a specific
sentiment class over the total comments predicted as that class, and is calculated
using the formula:

Precision =
TP

TP + FP
(4)

where TP denotes true positives (correctly predicted instances) and FP represents
false positives (incorrectly predicted instances). Accuracy evaluates the overall cor-
rectness of sentiment class predictions across all classes, and is defined as:

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

where TN denotes true negatives (correctly predicted instances of sentiment classes
other than the evaluated class) and FN represents false negatives (incorrectly pre-
dicted instances of the evaluated class). Concerning the Recall measure, it evaluates
the proportion of correctly predicted instances of a specific sentiment class over the
total comments that belong to that class, and is calculated by:

Recall =
TP

TP + FN
(6)

Finally, F1-score combines precision and recall to provide a single metric that balances
both measures, and is computed using the formula:

F1-score =
2 · Precision ·Recall

Precision+Recall
(7)

All these evaluation measures are computed individually for each sentiment class
(positive, negative, neutral), and then an overall weighted score is generated for the
entire dataset, considering the importance of each sentiment class.

We compared the effectiveness of the proposed sentiment analysis approach with
several existing methods including lexicon-based, machine learning, deep learning,
and transformer-based methods. Concerning machine learning methods, we eval-
uated the effectiveness of four machine learning methods which are Random For-
est (RF), Support Vector Machine (SVM) using both linear and polynomial kernels
and K-Nearest Neighbors (KNN). For all machine learning methods, features are ex-
tracted using the bag-of-words model while frequencies are calculated by using the
Term Frequency-Inverse Document matrix (TF-IDF) technique. Evaluation measures
are built by calculating the average of five-fold cross-validation. For each loop, a split
of data into training and testing, with sizes 60% and 40%, is performed. Concerning
deep learning methods, we evaluated two recurrent neural network methods which
are LSTM (Long Short-Term Memory) and GRU (Gated Recurrent Unit). Finally,
for transformer-based methods, we assessed the performance of both BERTbase and
RoBERTa which is an optimized version of the BERT pre-trained model.

Table 3 presents obtained performance measures including Accuracy (Acc.), Pre-
cision (Prec.), Recall (Rec.), and F1-score (F1) for each sentiment class (Positive,
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Negative, and Neutral), as well as an overall average over the three classes computed
for each evaluation measure. This table shows that the proposed approach, TSASC,
achieved the highest overall scores evaluated by 0.81, 0.86, 0.82 and 0.85 for accuracy,
precision, recall, and F1-score respectively. All these obtained scores largely exceed
all the other built scores in Table 3. For the Machine Learning category, we show
that all evaluated methods do not exceed an overall F1-score of 0.43 indicating the
low sentiment analysis performance of machine learning methods in identifying the
true sentiment classes of student comments. We show that SVM method with a linear
kernel gives the lowest result in predicting the sentiment of student comments with
an overall accuracy of 36% while RF method showed a slight improvement compared
to the other machine learning methods with an overall accuracy of 0.45%. For the
deep learning category, we show that RNN with a Long Short-Term Memory (LSTM)
architecture achieves an overall F1-score of 0.56, while RNN with a Gated Recurrent
Unit (GRU) architecture achieves an overall F1-score of 0.59. These results indicate
that Deep Learning models, based on both LSTM and GRU architectures, outperform
the Machine Learning methods in detecting sentiment classes of student comments.
In the Lexicon-based approaches, both TextBlob and Vader achieve nearly similar
overall performances of around 0.65. This suggests that these lexicon-based methods
performed better than both machine learning and deep learning approaches. Although
the dictionary of TextBlob and Vader does not include an exhaustive list of words
with positive and negative polarities, the lexicon-based approach has achieved better
performance compared to machine learning and deep learning approaches in detecting
sentiment classes of student comments. Similarly, transformer-based methods, includ-
ing BERTbase and RoBERTa have shown good results compared to machine and deep
learning approaches. For instance, the overall F1 scores attained by BERTbase and
RoBERTa were 0.71 and 0.75 respectively. Nevertheless, these two methods have
demonstrated limitations in accurately detecting neutral student comments. Specifi-
cally, the RoBERTa method obtained a precision, recall, and F1 score of 0.52, 0.55,
and 0.52 respectively.

Table 3
Comparison of the effectiveness of the proposed TSASC approach

compared to conventional sentiment analysis methods

Method Class
Performance measures

Acc. Prec. Rec. F1

Lexicon-based

TextBlob

Positive 0.65 0.70 0.62 0.65
Negative 0.64 0.68 0.61 0.63
Neutral 0.76 0.79 0.73 0.75
Overall 0.70 0.73 0.69 0.71

Vader

Positive 0.65 0.70 0.62 0.64
Negative 0.64 0.71 0.61 0.63
Neutral 0.66 0.69 0.63 0.65
Overall 0.65 0.70 0.62 0.64
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Table 3 cont.

Method Class
Performance measures

Acc. Prec. Rec. F1

Machine learning

RF

Positive 0.45 0.48 0.42 0.44
Negative 0.44 0.49 0.41 0.43
Neutral 0.46 0.47 0.43 0.44
Overall 0.45 0.47 0.42 0.43

SVM
Positive 0.39 0.31 0.36 0.32
Negative 0.38 0.32 0.35 0.33

(Linear Kernel)
Neutral 0.40 0.40 0.37 0.38
Overall 0.39 0.37 0.36 0.36

SVM
Positive 0.41 0.43 0.49 0.45
Negative 0.40 0.44 0.48 0.45

(Polynomial Kernel)
Neutral 0.42 0.42 0.40 0.40
Overall 0.41 0.43 0.42 0.41

KNN

Positive 0.42 0.45 0.40 0.41
Negative 0.41 0.46 0.49 0.47
Neutral 0.43 0.44 0.41 0.42
Overall 0.42 0.44 0.43 0.43

Deep learning

RNN
Positive 0.55 0.58 0.52 0.54
Negative 0.54 0.59 0.53 0.55

(LSTM)
Neutral 0.56 0.57 0.53 0.54
Overall 0.56 0.58 0.52 0,54

RNN
Positive 0.59 0.51 0.56 0.54
Negative 0.58 0.52 0.55 0.53

(GRU)
Neutral 0.60 0.61 0.61 0.61
Overall 0.59 0.59 0.59 0.59

Transformer-based BERTbase

Positive 0.75 0.77 0.71 0.72
Negative 0.69 0.70 0.76 0.72
Neutral 0.46 0.48 0.49 0.48
Overall 0.70 0.73 0.69 0.71

Transformer-based RoBERTa

Positive 0.79 0.78 0.79 0.79
Negative 0.80 0.81 0.79 0.80
Neutral 0.51 0.52 0.55 0.52
Overall 0.72 0.71 0.72 0.75

Proposed approach TSASC

Positive 0.85 0.80 0.82 0.81
Negative 0.84 0.82 0.91 0.85
Neutral 0.86 0.89 0.73 0.79
Overall 0.85 0.86 0.82 0.81

Obtained results in Table 3 show that our TSASC approach has significantly out-
performed all other conventional methods including machine learning, deep learning,
as well as transformer-based and lexicon-based approaches. This finding shows the
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effectiveness of the proposed approach in accurately identifying sentiment classes on
the student comments dataset and also shows the effectiveness of leveraging ChatGPT
capability for sentiment classification. Reported results also show an interesting per-
formance of lexicon-based and transformer based approaches compared to deep learn-
ing and machine learning approaches.

In order to effectively evaluate the performance of ChatGPT in giving better
contextual-improved sentiment analysis of student comments, we evaluated its ef-
fectiveness compared to Google translation. Concerning our approach, rather than
directly detecting the sentiment polarity of Arabic and colloquial Arabic comments
using ChatGPT, we translated all these comments into English language using Google
Translate and then detected sentiment polarity by using TextBlob. Table 4 presents
the results of the comparison of ChatGPT and Google Translation and their im-
pacts on the sentiment analysis of student comments by using machine learning, deep
learning, and lexicon-based approaches.

Table 4
Comparison of the impacts of ChatGPT and Google Translator on the sentiment analysis of
student comments using machine learning, deep learning, lexicon-based, and the proposed
approach. ChatGPT and Google Translator are used as automatic tools to translate Arabic

and colloquial Arabic comments into English

Method
Google

Translate
ChatGPT

translation service

Acc. F1 Acc. F1

Lexicon-based
TextBlob 0.58 0.59 0.69 0.71

Vader 0.54 0.56 0.65 0.64

Machine learning

RF 0.37 0.39 0.45 0.43
SVM (linear kernel) 0.34 0.36 0.39 0.36

SVM (polynomial kernel) 0.40 0.41 0.41 0.41
KNN 0.40 0.40 0.42 0.43

Deep learning
RNN(LSTM) 0.55 0.57 0.56 0.58
RNN(GRU) 0.56 0.57 0.59 0.59

Transformer-based
BERTbase 0.65 0.67 0.70 0.71
RoBERTa 0.69 0.71 0.72 0.75

Proposed approach TSASC 0.67 0.70 0.85 0.81

The performance of each method is evaluated using an overall score of Accuracy
(Acc.) and F1-score (F1) measures. For the machine learning and deep learning cat-
egory, we do not show a high impact on obtained results. For example, the Random
Forest method achieves an accuracy and F1-score of around 0.40 by using ChatGPT
and Google translation. In fact, for machine learning and deep learning category,
the computational framework does not take into account the semantics of words and
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only focuses on the similarity of words between student comments to build sentiment
classes. This fact explains the nearly same results obtained by ChatGPT and Google
Translator for all machine learning and deep learning methods. Furthermore, the ef-
fectiveness of transformer-based methods remains consistent across different transla-
tion services. For instance, the RoBERTa method demonstrated comparable accuracy
and F1 scores by using Google Translate and ChatGPT translation services. When
employing Google Translate, the achieved scores were 0.69 and 0.71, while utilizing
the ChatGPT translation service yielded scores of 0.72 and 0.75. Despite the superior
performance of transformer-based methods compared to machine and deep learning
approaches, no discernible impact was observed concerning the choice of translation
service on the final results. However, when using a lexicon-based approach, Table 4
shows a high improvement of results by using ChatGPT compared to Google trans-
lator for both TextBlob and Vader. For example, when using ChatGPT TextBlob
achieves an accuracy of 0.69 and an F1-score of 0.71 compared to an accuracy of 0.65
and an F1-score of 0.64 when using Google Translator. Furthermore, transformer
based methods also show high performance compared to machine In the same way,
we show a high improvement when using ChatGPT for our proposed approach. Chat-
GPT with TSASC achieves an accuracy of 0.85 and an F1-score of 0.81 compared to
0.67 and 0.7 by using Google Translate. This obtained result shows the effectiveness of
directly detecting sentiment polarity of Arabic and colloquial Arabic comments rather
than considering a translating step of the comment into English. This obtained result
also confirms the contextual improved capability of the proposed approach compared
to other approaches and its ability to detect more accurate sentiment polarity of
student comments through using ChatGPT capability.

4.3. Ethical considerations of student sentiment analysis

The sentiment analysis of student data collected from their activities on social net-
works has gained significant attention leading to the development of various tools,
packages, and methods that enable effective and automatic analysis of these data.
However, the collection and analysis of such data has lead to crucial ethical consid-
erations that require careful attention. One primary ethical concern is the privacy
protection. The collected student data may include personal and sensitive information
pertaining to their daily lives. It is crucial that sentiment analysis tools incorporate
pre-processing steps to anonymize data and remove any personally identifiable infor-
mation to prevent potential privacy breaches. It is worth noting that available tools
may be limited to accessing only public student information obtained from public
university pages.

Another ethical consideration concerns the non-disclosure of student perceptions,
experiences, or opinions regarding subjects, courses, or teachers. This information
should only be shared with individuals who are responsible for improving the student
experience. It is essential to safeguard this information from other parties looking
to exploit it for commercial purposes. Individuals involved in such projects may sign
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a consent form affirming non-disclosure of the results for any commercial use. Fur-
thermore, individuals working on such projects should seek approval from relevant
ethics committees or institutional review boards to ensure compliance with ethical
guidelines and regulations.

This leads to a more generic ethical consideration that concerns the security of
student data. Student data must be protected against unauthorized access, breaches,
or misuse. Employing encryption techniques, secure data storage systems, and imple-
menting restricted access controls are essential measures to ensure the integrity and
confidentiality of the data.

5. Conclusion

We proposed a novel approach for sentiment analysis of student comments on the
Twitter platform. Our proposed approach addresses the challenges of language diver-
sity, the presence of informal language, and the presence of emoticons, and supports
three languages: English, Arabic, and colloquial Arabic. Based on ChatGPT’s capa-
bilities of addressing language nuances, we incorporated a new scoring method to build
sentiment classes based on both polarity and subjectivity. Experiments conducted on
real student comments dataset demonstrated the effectiveness of our proposed ap-
proach compared to conventional sentiment analysis methods.

Although the proposed approach is described and evaluated on the Twitter so-
cial platform, it can be generalized to the analysis of student comments on other
platforms such as Facebook and LinkedIn. Another area of improvement could be
the expansion of language support beyond English, Arabic, and colloquial Arabic.
As the proposed approach is based on ChatGPT to address language nuances, the
integration of additional languages is still possible. Moreover, it would be valuable
to develop a user-friendly sentiment analysis toolkit or API based on the proposed
approach and make it accessible to researchers, educators, and educational institu-
tions. Further improvements of the presented work can also explore the effectiveness
of recent proposed ChatGPt models, such as GPT4o and GPT4-turbo, in building
sentiment scores for student comments. Conducting experimental evaluations that
compare the performance and capabilities of these available ChatGPT models would
provide valuable insights into their respective strengths and weaknesses in generating
accurate sentiment scores in educational contexts.
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Appendix 1

In Figure A1 and Figure A2, we provide examples of calculating sentiment polarity
and subjectivity scores using two different tools: TextBlob and ChatGPT (the GPT-
3.5-turbo model). These examples are based on the input sentence “I absolutely love
the teacher’s methodology! It’s amazing!”. As depicted in these figures, each tool
generates distinct scores, highlighting the variations in sentiment analysis results.

Figure A1. Example of building sentiment and subjectivity scores using the TextBlob python
library for the sentence “I absolutely love the teacher methodology! It’s amazing!”.

Figure A2. Example of building sentiment polarity and subjectivity scores using ChatGPT
through the OpenAI API and using the GPT-3.5-turbo model for the sentence “I absolutely

love the teacher methodology! It’s amazing!”
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Appendix 2

This is a simple example that demonstrates how to utilize the OpenAI API in Python
to generate sentiment and subjectivity scores for a given textual sentence. The code
includes two designed functions that enables the calculation of sentiment polarity and
subjectivity scores based on the provided textual input sentence.

1 """
2 @author: alaa
3 """
4 import openai
5

6 openai.api_key =
'sk-proj-O3pxTK4NoD6GZv02pDumT3BlbkFJiLacDv1wId4A4SZ5UFVM' # My
OpenAI API key

↪→

↪→

7

8 from openai import OpenAI
9 client = OpenAI(

10 api_key=openai.api_key,
11 )
12

13 def analyze_sentiment_polarity(sentence):
14 response = client.chat.completions.create(
15 model="gpt-3.5-turbo",
16 messages=[
17 {
18 "role": "system",
19 "content": "You will be provided with a given textual

sentence in the context of education, and your task is
to calculate a sentiment score between -1 and 1"

↪→

↪→

20

21 },
22 {
23 "role": "user",
24 "content": sentence
25 }
26 ],
27 temperature=0.2,
28 max_tokens=10,
29 top_p=1
30 )
31 sentiment_score = response.choices[0].message.content
32 return sentiment_score
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33 def analyze_subjectivity(sentence):
34 response = client.chat.completions.create(
35 model="gpt-3.5-turbo",
36 messages=[
37 {
38 "role": "system",
39 "content": "You will be provided with a given textual

sentence in the context of education, and your task is
to calculate a subjectivity score between 0 and 1"

↪→

↪→

40 },
41 {
42 "role": "user",
43 "content": sentence
44 }
45 ],
46 temperature=0.2,
47 max_tokens=10,
48 top_p=1
49 )
50

51 subjectivity_score = response.choices[0].message.content
52 return subjectivity_score
53

54 #initialize the sentence to be analyzed
55 sentence = "I absolutely love the teacher methodology! Its amazing!"
56

57 # use the defined functions for calculating sentiment and subjectivity
scores based on GPT 3.5 turbo model↪→

58 sentiment_score = analyze_sentiment_polarity(sentence)
59 subjectivity_score = analyze_subjectivity(sentence)
60

61 #print obtained scores
62 print("Sentiment score:", sentiment_score)
63 print("Subjectivity score:", subjectivity_score)
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