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I. INTRODUCTION 

 The fast rise of digital networks has resulted in a record-breaking amount of consumer’s information, such as evaluations, 

suggestions, and comments. Studying this stuff is critical for comprehending customer perspectives and optimizing offerings and 

services[1]. Sentiment analysis is a natural language processing (NLP) technique that determines the polarity of text, but aspect-

based sentiment analysis (ABSA) extends the technique by detecting particular features or traits referenced in the text and assessing 

sentiment toward each. Previously, sentiment analysis has been limited to three types: positive, neutral, and negative, and input on 

many contemporary websites is frequently communicated using emojis instead of descriptive phrases. fortunately, such methods 

might not have enough broad terms, while fine-grained sentiment analysis paired with aspect extraction delivers an increased 

complete and practical perspective on consumer thoughts. ABSA has been frequently utilized in a variety of industries, including 

online shopping, the hospitality industry, medical services, and networking sites, giving corporations with tailored insights 

regarding satisfaction with clients and opportunities for advancement[2]. 

 In modern times, sentiment and aspect-based analysis are critical to translating raw verbal input into intelligence that can 

be applied. Although these strategies have been thoroughly investigated in well-established sectors, AI conversational tools—a 

continuously developing and disruptive technology—remain relatively unexplored in this environment. The increasing use of 

conversational AI systems such as ChatGPT and Large language model creates new opportunities for fine-grained feedback 

analysis, especially as these technologies grow more integrated into interactions with consumers, higher learning, production of 

content, and technical support. 

 ChatGPT, produced by OpenAI, serves as one of the most popular AI chat bots, with billions of consumers across various 

domains. Its worldwide reach and various consumer base produce a wide range of suggestions, including flexible thinking, 

flexibility, simplicity in resolving difficult requests, and understanding correctness[3]. Considering the widespread adoption of 

ChatGPT-labelled reviews based on aspects and sentiment have received little attention in research using powerful machine 

learning and deep learning techniques. At the outset of this project, we used a rule-based approach for aspect extraction and the 

VADER Sentiment Intensity Analyzer for sentiment classification, establishing the framework for future investigations that may 

expand the scope with further developed methods. 

 The main aim of the current study is to create and test a framework for conducting aspect-based sentiment analysis on 
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ChatGPT user evaluations. The methodology employs a rule-based aspect extraction method that derives meaningful keywords 

from field information and dataset discovery, as well as the VADER Sentiment Intensity Analyzer for sentiment categorization. 

The Kaggle dataset includes 6,000 individually labelled reviews divided into four established categories: adaptability, 

responsiveness, handling ambiguity, and knowledge accuracy, as well as an "Other" category for unmatched cases and sentiment 

classes that include Very positive to Very negative.  

 

II.LITERATURE REVIEW 

 Yuvraj et al. [1] offered an in-depth study of aspect-based sentiment analysis (ABSA) in relation to product reviews found 

online. Their analysis demonstrates how ABSA gives sentiment polarity to some product attributes, including quality, pricing, and 

delivery. They go on preprocessing and feature extraction techniques as well as machine learning, deep learning, and hybrid 

approaches. The authors also highlight issues with context ambiguity, domain reliance, and efficient visualization of features. They 

also highlight recent developments in attention processes and transformers, which have greatly increased the accuracy of fine-

grained sentiment analysis. 

 Brentton et al. [2] The aspects and sentiment polarity of movie reviews were analyzed and predicted in this article using 

machine learning algorithms. Using specific terms, the following characteristics were taken into consideration: General, Cast, 

Directing, Plot, and Ambience. The Decision Tree model has the best accuracy for aspect prediction (98%), followed by Logistic 

Regression (92%). Multinomial Naive Bayes achieved 91% accuracy in sentiment analysis, whereas Logistic Regression came in 

somewhat better at 93%. Ultimately, the reviews were divided into two categories: positive and negative. This provided detailed 

information about various aspects of the films. 

 Hasan et al. [3] built a Bangla Aspect-Based Sentiment Analysis (ABSA) dataset called BANGLA_ABSA, which includes 

801, 800, 975, and 1149 comments for each of the four domains—restaurant, movie, mobile phone, and car. Aspect categories and 

sentiment polarity (positive, negative, and neutral) were personally noted on each review. With F1-scores of 0.96 for 

Movie_ABSA, 0.97 for Restaurant_ABSA, 0.94 for Mobile_Phone_ABSA, and 0.83 for Car_ABSA, SVM outperformed previous 

Bangla sentiment resources when the dataset was assessed using machine learning techniques. The findings demonstrate that this 

resource offers a superior standard for ABSA in Bangla, facilitating more efficient sentiment analysis in languages with limited 

resources. 

 Lakhanpal et al. [4]  Aspect-Based Sentiment Analysis (ABSA) was used in this study to investigate how academics see 

ChatGPT in relation to different facets of its use. The Yangheng ABSA model for aspect-level classification and sentiment models 

like the nlptown model (for fine-grained sentiment score on a 1–5 scale) were combined by the authors using Explainable AI 

approaches. The mapping of sentiment polarities allowed for more complex assessments, ranging from 1 (most negative) to 5 

(most positive), going beyond the straightforward Positive/Negative/Neutral classification. Critical elements such as truthfulness, 

ethics, Correctness and impact on human existence were highlighted using aspect extraction, and SHAP visualizations clarified 

how certain phrases affected sentiment decisions. The results showed that although ChatGPT is frequently commended for its 

inventiveness and potential influence, questions regarding its honesty and moral dependability still exist, with ABSA recording 

both favourable and unfavourable opinions. 

 Kumar et al. [5] In this research, Natural Language Processing model is trained on the text/reviews, and then the sentiment 

and aspects are mines using Vader, TextBolb and SpaCy library respectively. SpaCy Used for aspect Term Extraction which are 

and for Sentiment analysis VADER and TextBlob Libraries Used. The text/reviews are assigned to positive, negative sentiments. 

Hotel and Restaurant review dataset used in this research. With this approach Achieved accuracy 95%. 

 Alsaleh et al. [6], A hybrid deep learning approach to aspect-based sentiment analysis (ABSA) of app evaluations is 

proposed in this study, focusing on non-functional needs linked to usability including effectiveness, efficiency, and satisfaction.  

The model combines CNN and BiLSTM layers with BERT embeddings to capture local feature patterns and semantic context.  By 

classifying reviews based on sentiments related to an aspect, engineers can gain a better understanding of the strengths and 

limitations of usability.  With 96% precision, 87% recall, 91% F1-score, and 94% accuracy, the hybrid BERT-BiLSTM-CNN 

model performs noticeably better than both standalone deep learning techniques and standard machine learning, according to the 

results.  This illustrates the significance of ABSA for methodically enhancing app usefulness and shows how reliable the model is 

at automating reviews categorization. 

 Revathi et al. [7], Using a database of 1,000 reviews from Kaggle concentrated on sentiment analysis of online restaurant 

evaluations. The investigation divided every feedback under five sentiment categories: highly positive, positive, neutral, negative, 

and highly negative, and assessed elements such as taste, service, ambiance, food, and value for money. The methods Naïve Bayes 

(NB), Support Vector Machine (SVM), Random Forest (RF), and Logistic Regression (LR) were used for categorization. The 

research results demonstrated the efficacy of the suggested method for fine-grained, aspect-based sentiment analysis in the 

restaurant industry by showing that all models obtained accuracy levels above 85%. 

 Gilbert et al. [8] This study performed sentiment analysis on 2,652 user evaluations of ChatGPT that were gathered from 

the Google Play Store between July 2023 and January 2024. Because of the dataset's imbalance, the F1-score was utilized as the 

primary assessment metric in the study, which employed Random Forest, Support Vector Machine (SVM), and Naïve Bayes 

classifiers. The results of the classification of sentiment polarity into positive and negative groups revealed that, on average, people 

had a positive opinion of ChatGPT, with 87.71% of evaluations being positive and 12.29% being negative. The results showed 

that aggregation and margin-based classifiers are more effective in managing unbalanced sentiment data, with Random Forest and 

SVM doing the best among the models with an F1-score of 90% and Naïve Bayes achieving 87%. 

 Tubishat et al. [9], This study used 11,830 tweets that were gathered from Twitter to perform a sentiment analysis on the 

use of ChatGPT in education. The purpose of the study was to investigate public attitudes, subjects, and feelings regarding 

ChatGPT's function in the educational field. Using NLP techniques, the tweets were categorized into positive, neutral, and negative 
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feelings, with results suggesting that the majority of opinions were positive or neutral, while only a small minority expressed 

negative views. The researchers used four machine learning models for sentiment classification: Random Forest, K-Nearest 

Neighbors (KNN), Support Vector Machine (SVM), and Naïve Bayes. SVM had the highest accuracy, at 81.4%. Furthermore, the 

study found common terms linked to both positive and negative viewpoints, offering insights into how instructors and students 

view ChatGPT in internet interaction. 

 Verma et al. [10] carried out research on the sentiment analysis of ChatGPT reviews using machine learning and natural 

language processing methods. They gathered almost 22,000 English-language evaluations from the iOS App Store and divided 

them into three categories: neutral, negative, and positive. SMOTE was used to address class imbalance after the data had been 

pre-processed through cleaning, tokenization, stopword removal, and lemmatization. To extract features, the Bag-of-Words model 

was used. Four methods of classification were assessed: XGBoost, Random Forest, Logistic Regression, and Naive Bayes. With 

an accuracy of 84%, XGBoost outperformed the others, making it the top model for sentiment categorization.  

Sentiment analysis as well as aspect extraction have recently been extensively studied in a variety of fields, including app reviews, 

hotels, restaurants, movies, cell phones, autos, and education. However, there is still a lack of research on the application of 

sentiment analysis & aspect extraction in ChatGPT as an AI tool. The current work fills this research gap. 

 

III.METHODOLOGY 

 This study addresses the distinctive features of ChatGPT user evaluations by combining well-established sentiment analysis 

techniques with a customized methodology.  

3.1 Dataset 

 The study's dataset consists of 6,000 user reviews of ChatGPT that were carefully categorized and sourced from the Kaggle 

platform. Every review has both sentiment polarity and aspect annotations. Knowledge accuracy, adaptability, responsiveness, 

handling ambiguity, and another category to allow for uncategorized content are among the aspects. Five categories are used to 

classify sentiment: Very Positive, Positive, Neutral, Negative, and Very Negative. 

  

3.2 Data Pre-processing 

 Text normalization techniques, such as lowercasing, punctuation removal, and stop word reduction, were used to get the 

data ready for analysis. Noise was eliminated, including superfluous spaces, URLs, and unnecessary characters. The text was 

divided into meaningful pieces by tokenization, which subsequently served as the basis for sentiment score and aspect extraction. 

 

3.3 Aspect extraction 

 For aspect extraction, a rule-based keyword matching strategy was used. A mix of domain expertise and dataset-specific 

investigation produced meaningful keywords. Its interpretability, reduced processing cost, and fit for the study's very limited aspect 

set served as the driving forces for this decision. The matching aspect category was identified by reviewing each review for the 

presence of these terms. 

 

3.4 Sentiment Classification 

 The VADER (Valence Aware Dictionary and Sentiment Reasoner) Sentiment Intensity Analyzer was chosen for sentiment 

analysis. VADER is a rule-based vocabulary that can handle official and informal English, including content from social media, 

while paying attention to valuation, negations, degree modifiers, and punctuation. Every word in the text that conveys sentiment 

has a sentiment intensity score that has been predetermined. A compound score between -1 (most negative) and +1 (most positive) 

is calculated by the evaluator. Reviews are categorized into the five sentiment groups based on these scores. 

 

3.5 Model evaluation 

 The dataset was divided into two parts: 20% for testing and 80% for training. By evaluating predicted aspects with manually 

annotated labels, the accuracy of aspect categorization was calculated. In order to classify sentiment, ground truth sentiment tags 

were compared with VADER's anticipated labels. To offer a thorough assessment, performance was evaluated using accuracy, 

precision, recall, and F1-score. 

 

3.6 Proposed approach 

 Aspect extraction and sentiment classification are the two steps used in the proposed work, which focuses on sentiment 

analysis of ChatGPT evaluations. First, the dataset is uploaded and pre-processed, which includes data cleaning and normalization. 

Then it's divided into training and testing sets. A rule-based approach is utilized to extract crucial qualities such as adaptability, 

responsiveness, handling ambiguity, knowledge accuracy, and sentiment. Next, a VADER classifier is used to divide the reviews 

into five sentiment categories: Very Positive, Positive, Neutral, Negative, and Very Negative. Finally, the model's performance is 

measured using metrics such as accuracy and precision to determine its usefulness in sentiment classification. 

 

IV.RESULT AND DISCUSSION 

 Sentiment analysis as well as aspect extraction have recently been extensively studied in a variety of fields, including app 

reviews, hotels, restaurants, movies, cell phones, autos, and education[4]. Various Machine learning and Deep learning methods 

are also used for aspect-based classification and sentiment analysis which gives higher results[5]. We very well know that usage 

of AI tool like ChatGPT mostly used by people for gather relevant information and sentiment analysis & aspect extraction can be 

perform on Chatgpt reviews[6].  However, there is still a lack of research on the application like Chatgpt. The current work fills 

this research gap. 
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 The method demonstrated good performance in multitasking classification with an overall accuracy when aspect and 

sentiment classification were combined into a single workflow[7]. These findings imply that rule-based aspect extraction 

techniques can be quite successful in confined domains like ChatGPT user reviews if they are backed by a well-organized domain-

specific keyword lexicon. Similar to this, VADER's proficiency with language subtleties like capitalization, negations, and 

intensifiers made it an excellent choice for brief, informal evaluations. 

 

References 
Dataset 

used 
Sentiment categories 

Aspect 

extraction 
Techniques used 

highest Accuracy 

achieved 

8 
ChatGPT 

reviews 

Positive, Neutral, and 

Negative 
No 

Random Forest, Support 

Vector Machine, Naïve 

Bayes and K-Nearest 

Neighbours 

81.40% 

9 
ChatGPT 

reviews 

Positive, Neutral, and 

Negative 
No 

XGBoost, Random 

Forest, Logistic 

Regression, and Naive 

Bayes 

84% 

10 
ChatGPT 

reviews 
Positive, Negative No 

Random Forest, Support 

Vector Machine and 

Naïve Bayes 

91% 

11 
ChatGPT 

reviews 
Positive, Negative No 

Naïve Bayes and K-

Nearest Neighbours 
91.87% 

12 
ChatGPT 

reviews 

Positive, Neutral, and 

Negative 
No 

Hybrid Models: SVM + 

Decision Tree and 

Random Forest + 

Logistic Regression 

94% 

Proposed 

approach 

ChatGPT 

reviews 

Very Positive, 

Positive, Neutral, 

Negative and Very 

Negative 

Yes 
VADER + Rule based 

approach 
94.70% 

Table no 1: Comparison of related work 

 

 The proposed methodology applied on a dataset of 6,000 manually labelled ChatGPT reviews obtained from Kaggle using 

an 80-20 train-test ratio. With an accuracy of 94.70%, the aspect classification component—which employed a rule-based keyword 

matching technique—showed how useful it is to use representative keywords that are developed from dataset analyses and domain 

expertise. The VADER Sentiment Intensity Analyzer was used to implement the sentiment classification which successfully 

classified reviews into five sentiment classes: Very Positive, Positive, Neutral, Negative, and Very Negative. The classification 

accuracy was 86.92%. 

 

Model Performance  

 

Aspect 

Extraction 

Sentiment 

Classification 

Accuracy  94.7 86.92 

Precision  95.8 87.43 

Recall  94.7 86.92 

F1 - Score 95.15 86.91 
Table no 2: Results 

 

V.CONCLUSION AND FUTURE DIRECTION 

 The presented research used the VADER Sentiment Intensity Analyzer for sentiment classification and a rule-based 

keyword matching method for aspect identification to show how well aspect extraction and fine-grained sentiment analysis worked 

for ChatGPT user reviews. The method obtained an accuracy of 94.70% for aspect classification, 86.92% for sentiment 

classification, and an overall combined accuracy of 83.05% using a dataset of 6,000 hand labelled reviews from Kaggle. According 

to the findings, significant insights can be gleaned from extensive conversational AI input even when using a rule-based system 

and sentiment analysis. 

 Future study can investigate deep learning and machine learning models, including transformer-based architectures, to 

enhance classification performance and better manage language nuances, even if the current work concentrated on a rule-based 

framework. Accuracy could be further improved by using contextual embedding’s, sarcasm recognition, and multilingual 

sentiment analysis. Furthermore, adding more varied and real-time ChatGPT feedback to the dataset can improve the model's 

generalizability. A comparative sentiment and aspect analysis paradigm for several AI-driven platforms can be made possible by 

extending the recommended technique to other conversational AI technologies. 
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