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Abstract 

The advancement in Artificial Intelligence technology revolutionizes new opportunities and challenges, particularly with large 

language model ChatGPT, in various domains, especially in the educational platform. This research endeavors a comprehensive 

analysis to explore the concerns and expressions associated with this AI tool on the social media platform X and in academic 

contexts. Two distinct datasets, comprising X data and survey responses from academics, were utilized to achieve the objectives. 

This research examines the valuable concerns regarding ChatGPT among X users on social media platform. To implement the 

Natural Language Processing (NLP) techniques which included Sentiment Analysis and Topic Modeling using Latent Dirichlet 

Analysis (LDA), the study aimed to identify the significant insights expressed by the social media users. The analysis obtained 

that, most frequent discussed topic was “ChatGPT”. The majority of discussions among the X users were positive in sentiment 

(49%), focusing on the utility of ChatGPT. Comparatively, negative discussions (47%) were also expressed by the users (47%) 

about students’ cheating in exams, and the generation of inaccurate information, which could affect students’ learning skills, and 

their critical thinking. Furthermore, approximately 27% of the discussions were expressed neutral sentiment regarding the 

generation of contents by ChatGPT. Various machine learning models were implemented to predict the classification of 

sentiment labels correctly. The Random Forest model performed well to classify all the sentiment labels correctly compared to 

others with highest accuracy of 62%. This research also unveiled the academics’ opinion in the context of education. A case study 

was conducted among the academics, where approximately 59% reported using ChatGPT for academic purposes and academics 

(24%) use this tool occasionally. In terms of its usefulness, 32% academics consider it is as useful, especially for generating 

writing contents. Additionally, 29% of them believed that this tool primarily improves students’ language and writing skills but 

they also expressed the concerns about overreliance potentially impacting their critical thinking and violating academic integrity. 

The major concerned keywords for academics include “research”, “accuracy of information”, and “critical thinking”, while for 

students, “academic integrity”, “critical thinking”, “risk”, “copy-paste”, and “creativity skills”. The majority of the sentiments 

regarding the concerns were negative for students (38%), and minority for academics (28%). Overall, academics expressed 

positive sentiments about the utility of using ChatGPT. This research highlights these findings and recommends further 

exploration of using this tool in educational practices with a focus on the identified concerns to guide future implementation. 
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1. Introduction 

The rapid advancements of Artificial Intelligence (AI), 

particularly in large language models, have created a signifi-

cant impact in the field of Natural Language Processing 

(NLP). ChatGPT, an innovation of OpenAI, have brought a 

new era of AI driven language understanding and generation 

across various domains. 

Within the realm of Education, ChatGPT has become the 

most prominent topic of discussion. Millions of users share 

their concerns, opinions, and thoughts on social media plat-

form X (Figure 1). Their concerns concentrate around the 

potential benefits, and the associated risks of using this pow-

erful language tool. 

 
Figure 1. Word Cloud Image from X Content.1 

Within the realm of academia, the recognition of using this 

AI tools is growing very fast. The academics are actively 

engaged with this tool to explore their potential implications 

and benefits [12]. On the other hand, a feature of automatic 

generation of content is being nowadays a very alarming 

concern. Students are increasingly relying on this tool to 

complete their assignments often without considering the 

academic integrity policies. This growing tendency are wor-

rying the educators about its potential consequences for stu-

dents’ critical thinking abilities, and learning skills [13]. 

In the educational domain a comprehensive synthesis of 

existing articles, papers, and blogs authored by researchers or 

academics will be carried out to uncover the primary concerns 

regarding the utilization of AI tools. 

An article on the impact of ChatGPT in education [1] in-

dicates that ChatGPT plays beneficial role in enhancing stu-

dent engagement, customizing learning preferences with 

better learning outcome, strengthening language skills and 

abilities, and optimizing teaching practices efficiently. 

However, the article also mentioned notable significant neg-

ative concerns of using ChatGPT which includes violating 

privacy, threats to academic integrity and biased responses. 

These concerns lead the academics to emphasize on using 

diverse and representative data to train ChatGPT more effec-

                                                             
1 * Source: Ashioyajotham (2023) [5] 

tively [1]. A research by Korkmaz (2023) represents a senti-

ment analysis of using ChatGPT based on X data [9]. This 

study evaluated the opinions and thoughts during the an-

nouncement of ChatGPT. This research study analyzed var-

ious dictionaries and concluded that a large number of users 

expressed the potential success of using this tool. A study by 

Sudirman I. D. (2023) found benefits of ChatGPT in entre-

preneurship education enhanced students’ engagement and 

critical thinking [10]. A blog written by Nelson, J. (2023) 

about the possibility of future education under this AI driven 

technology will impact the integrity of academic institutions 

[14]. The researcher shared experts’ raised concerns about the 

utilization of ChatGPT. Another research by Zhai, X. (2022) 

and Dukewich K. (2023) examines the user experience of 

ChatGPT in education [15, 17]. The findings claim that this 

tool assist the researchers to write research paper in a sys-

tematic and informative way. These studies also raise the 

concerns that students may outsource the assignment tasks. It 

suggests to consider new formats of assessments to focus on 

improving the critical thinking abilities and creativity skills. 

In the context of academic integrity, a research was conducted 

by Cotton, D. R. (2023) on the risk of using ChatGPT in 

examinations [16]. Academic integrity and plagiarism con-

cerns were raised and suggested strategies by arranging 

proper educational training and support to use AI tool re-

sponsibly [18, 19]. Fütterer et. al. (2023) provided a global sce-

nario of using ChatGPT in education from X responses [11]. The 

study finds out a mixed of sentiments expressed by the users 

which were examined through sentiment analysis and topic 

modeling. Overall, multiple studies have shown the impact of 

using ChatGPT in educational platform and examined the threats 

of using this tool in teaching, research, assessment, and learning 

[20-26]. 

After considering the above discussions, it is evident that, 

ChatGPT has raised an emerged level of interests among the 

researchers. This research has tried to achieve the solution of 

the following research questions: 

(1) What are the reactions articulated by X users regarding 

the topic based on ChatGPT on social media platform? 

(2) What are the key concerns and worries for both aca-

demics and students for using ChatGPT in educational 

contexts? 

(3) In what manner do these concerns express as either 

positive or negative sentiments? 

To achieve the research questions mentioned above, this 

research focused on the following objectives: 

(1) Conduct a comprehensive analysis to examine the 

concerns expressed by X users on social media plat-

form; 

(2) Investigate the users’ concerns through sentiment 

analysis, and topic modeling using Latent Dirichlet 

Analysis (LDA); 

(3) Examine the levels of sentiment within the X content; 

http://www.sciencepg.com/journal/ijdsa
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(4) Predict the sentiment levels through machine learning 

approaches; 

(5) Evaluate the underlying concerns, sentiment and rele-

vant factors by an explanatory data analysis among 

academics in a case study; 

(6) Examine how the expressed concerns align with AI in 

education and its potential impact on teaching and 

learning. 

In this context, this research focused on identifying the 

potential concerns of using ChatGPT across the users’ opinion 

from social media platform X and from academic platform. 

2. Materials and Methods 

2.1. Data Collection and Data Description 

The data collection involves both primary and secondary 

sources. 

2.1.1. Primary Data 

The primary data collection focuses on a case study among 

the academics from different universities. A questionnaire has 

been developed to conduct the online survey. The academics 

have been contacted through email. The purpose of the survey 

involves to discover the concerns, valuable insights, and 

thoughts from the academics regarding using ChatGPT in 

educational platform. A total of 37 respondents have been 

participated, providing essential information for analysis. The 

questionnaire includes several inquiries about the user expe-

rience of the academics such as the purpose for which they use 

ChatGPT in their academic works, the frequency of their 

usage, the benefits for students and academics, as well as the 

associated risk and concerns. 

2.1.2. Secondary Data 

To investigate the implications of ChatGPT in education on 

social media platform, a X data spanning from January 2023 

to March 2023 has been collected from Kaggle [3, 8]. The 

original data collection process utilized snscrape in Python to 

scrape data using X API tool from social media platform, X 

[4]. This dataset comprises a CSV file containing 500,000 X 

posts related to ChatGPT including variables: date, id, content, 

username, like count and retweet count. This study aims to 

analyze the valuable insights related to ChatGPT from this X 

dataset and examine the concerns associated with the use of 

this AI powered technology in education [2]. 

2.2. Data Pre-processing 

Two distinct datasets for this research have been utilized 

which have undergone through a data pre-processing steps. 

2.2.1. Survey Data Pre-processing 

1. Data Cleaning 

From the online survey a total of 37 responses have been 

received. Among them 3 responses have been removed. Since 

this research focuses information only from the academics, so 

the non-academic participants’ responses have been removed 

from the data. There is no missing data. 

2. Data Transformation 

To make the survey data suitable for analysis, the survey 

responses from the google drive have been converted into 

Microsoft excel worksheet in comma-delimited format (CSV). 

This data has been imported in Python for the implementa-

tions. 

3. Variable Selection 

The questionnaire contains timestamp, username, valuable 

research questions regarding the user experiences from the 

academics. For the implementation this research has mainly 

collected the responses of the academics. The personal in-

formation of the participants has not mentioned anywhere in 

this research study. 

2.2.2. X Data Pre-processing 

The X dataset utilized in this study was pre-processed by 

the following steps, as detailed by Ansari [3]. 

1. Data Cleaning 

The X dataset contained missing values and some values 

were entered inaccurately which were subsequently removed. 

Since the dataset contains a large amount of values, these 

deletions of missing values would not affect the overall im-

plementation of the work [3]. 

2. Pre-processing for Sentiment Analysis and LDA 

To ensure the accuracy of sentiment analysis and avoid 

misleading in natural language processing, hyperlinks, 

hashtags, and account mentions were removed from the data. 

Punctuations, emoticons and stop words were also removed. 

All texts were converted into lower case and expanded con-

tractions in the X posts [3]. 

3. Data Transformation 

To understand the meaning of text, tokenization separated 

the texts into a list of sub-words. Reducing words to their root 

forms, all the words were lemmatized and stemmed to im-

prove the accuracy of the sentiment analysis [6]. In this step, 

all suffixes and prefixes were removed from the text [3]. 

4. Vectorization 

This step was carried out to identify the semantic rela-

tionship among words and to find out most frequently used 

words in the X posts [3]. 

5. Pre-processing for Topic Modeling 

To identify the possible topics within the X posts extra 

unnecessary words were removed to include the important 

words only based on the divided sentiment data frames (pos-

itive, negative, neutral) [3]. The retrieved X posts were con-

verted into a text corpus [6]. 

6. Pre-processing for Machine Learning 

To implement ML models, the dataset was splitted into 

training and test sets. 
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2.3. Natural Language Processing 

Natural Language Processing techniques are widely used to 

process human language effectively. The applications involve 

language translation, summarization, recognition of human 

speech, sentiment analysis and so on [9]. This research will 

focus on the sentiment analysis and Topic Modeling using 

LDA to analyze the X content and survey responses. 

2.3.1. Sentiment Analysis 

Sentiment analysis, a branch of Natural Language Pro-

cessing, allows us to extract insights and sentiments from X 

user’s posts related to the topic of ChatGPT. In this research, 

both lexicon-based and machine learning-based approaches 

were implied. The lexicon-based implementation focuses on 

“Dictionary-Based Approach” and the machine learning ap-

proach is discussed in the next section. The posts and re-

sponses were categorized based on “positive”, “negative”, and 

“neutral” sentiments and computed the sentiment polarity 

scores and subjectivity to make a comparison investigation. 

2.3.2. Topic Modeling of Using LDA 

To extract the underlying topics embedded within the text 

data, a widely used topic modeling algorithm and Latent 

Dirichlet Allocation (LDA) have been employed. Here, the 

following steps were followed to implement LDA: 

(i). Data Preparation 

This step involves text cleaning, tokenization, stemming, 

count vectorization, sparse matrix conversion, and mapping 

words. 

(1) Count Vectorization 

The pre-processed text data has been transformed into 

numerical vectors of token counts (using “sklearn” toolkit, 

“feature_extraction, “CountVectorizer”, “TfidfVectorizer”) 

for each sentiment category. 

(2) Sparse Matrix 

To handle large text datasets, transforming the text data into 

a sparse matrix format (using “gensim”, “Dictionary”) is 

essential. In this step, the text data was converted into a sparse 

matrix format for each sentiment category. 

(3) Gensim Corpus Conversion 

The sparse matrices were then converted into the gensim 

corpus format using “gensim” library. 

(4) Mapping Word IDs to Words 

Words were assigned unique IDs to their actual text. A 

mapping was then created to connect these word IDs (using 

“id2word”) to their corresponding words. This mapping de-

codes the topics generated by LDA and associates them with 

meaningful terms from the original text corpus. 

(ii). Data Training LDA Model 

After transformation and mapping, to identify possible 

topic in the textual data, the LDA model was trained for each 

sentiment category. This involved setting parameters such as 

the number of topics, id2word mapping, random state, and 

passes. The LDA models were conducted with 10 iterations 

over the entire Gensim corpus. 

(iii). Identification of Topics 

Once the LDA model has been trained, the next step was to 

identify and interpret the identified topics from the X text 

content. Most frequent words have been examined within 

each topic associated with meaningful labels. These discov-

ered topics provide valuable insights into ChatGPT X texts. 

2.4. Machine Learning Approach 

This research focused on the following machine learning 

approaches to classify the sentiments of X users regarding 

potential aspects of ChatGPT in order to gain valuable in-

sights into public perceptions and opinions. The following 

steps have been undertaken to implement the machine learn-

ing algorithms. 

2.4.1. Dataset Preparation 

The pre-processed dataset has been divided into two 

components: features (X) and sentiment labels (positive, 

negative, neutral) (y). 

2.4.2. Data Splitting 

To evaluate the model effectively the cleaned dataset has 

been splitted into training (80%) and test (20%) set using the 

“train_test_split” library. 

2.4.3. Machine Learning Models 

The following machine learning algorithms (Table 1) to 

predict the classification of positive, negative, and neutral 

sentiments from the X posts by importing the following li-

braries from “sklearn” toolkit. 

Table 1. Machine Learning Models. 

SI. ML Models Library 

1. Logistic Regression: “LogisticRegression”; 

2. Random Forest: “RandomForestClassifier” 

3. Support Vector Machine: “SVC”; 

4. Multinomial Naive Bayes: “MultinomialNB”; 

5. K-Nearest Neighbors: “KNeighborsClassifier”; 

6. Decision Tree: “DecisionTreeClassifier”; 

7. Gradient Boosting: “GradientBoostingClassifier” 

* Maximum iteration: 1000; * Maximum features: 100 
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2.4.4. Text Classification Pipeline 

For each model a text classification pipeline has been cre-

ated that includes TF-IDF vectorization and the model itself. 

2.4.5. Training the ML Models 

Each machine learning model has been fitted to the training 

data. 

2.4.6. Model Prediction 

The sentiment labels have been predicted for each model 

for the test data based on trained model. 

2.4.7. Model Evaluation 

To assess the performance of the ML models, “classifica-

tion_report” library has been employed from scikit-learn. This 

report provides (precision, recall, f1-score) detailed metrics 

and model accuracies for each sentiment categories. 

2.5. Software and Tools 

Python programming language and Microsoft excel has 

been used to implement the results of this research. The open 

source python code on Kaggle published by Ansari (2023a) [2] 

have been followed in carrying out few steps of X data anal-

ysis.2 To carry out the data pre-processing, a variety of li-

braries and packages were utilized for different tasks: 

(1) Data visualization Tasks: “matplotlib.pyplot”, “sea-

born”, “plotly”, “WordCloud”; 

(2) Natural Language Processing Tasks: “nltk”, “word to-

kenize”, “WordNetLemmatizer”, “SentimentInten-

sityAnalyzer”, “stopwords”, “collections”; 

(3) Topic Modelling: “gensim”; 

(4) LDA (Latent Dirichlet Allocation) tasks: “pyLDA-

vis.gensim”, “gensim.corpora.dictionart” 

(5) TF-IDF (Term Frequency-Inverse Document Fre-

quency) tasks: “TfidfVectorizer” 

(6) Other tasks: “counter”, “stats”, “image. 

(7) ML Tasks: “LogisticRegression”; “Random-

ForestClassifier”; “SVC”; “MultinomialNB”; 

“KNeighborsClassifier”; “DecisionTreeClassifier”; 

“GradientBoostingClassifier” 

3. Results 

3.1. X Data Analysis 

The X dataset contains 500k posts on ChatGPT from Jan-

uary to March 2023. The data descriptions are shown in Table 

2 and Table 3. 

 

                                                             
2 * Source: Natural Language Processing with Python: Analyzing Text with the 

Natural Language Toolkit [7]. 

* Source: 500k chatgpt-related tweets Jan-Mar 2023, Kaggle [3]. 

Table 2. X Data Description. 

Data Description 

Length 500036 

Shape (500036, 6) 

Index 
[‘date’, ‘id’, ‘content’, ‘username’, ‘like_count’, ‘re-

tweet_count’] 

Type Object 

Table 3. Number of unique and missing values in each column. 

Index 
No. of unique values in 

each column 

No. of missing Val-

ues in each column 

date 475394 0 

id 500007 6 

content 493744 6 

username 250006 34 

like_count 1066 62 

retweet_count 489 62 

3.1.1. Data Pre-processing 

In order to prepare the data for sentiment analysis, topic 

modeling and machine learning model training, a sequence of 

data pre-processing steps have been followed to clean the raw 

data. The following tasks (Table 4) have been performed to 

pre-process the data. 

Table 4. Data Pre-processing Tasks. 

SI. Tasks Details 

1. Date conversion: 

The date column converted into date 

time using “datetime” and “timedelta” 

libraries 

2. 
Missing values 

removal: 

Missing values were removed using 

“dropna” 

3. Hashtag removal: 
Any hashtags mentioned in the tweet 

content were removed 

4. URL link removal: 
URL and web links were removed to 

eliminate any web references 

5. 
HTML conver-

sion: 

HTML entities were converted 

(“&amp” to “and”, “&lt” to “<”, “&gt” 

to “>”) to ensure the text consistency 

6. 
New line character 

removal: 

To maintain text coherence, new line 

characters such as ‘\r’ and ‘\n’ were 

replaced with a space 
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SI. Tasks Details 

7. 
Account name 

removal: 

Mentioned X id or account details 

were removed as they do not carry any 

sentiment information 

8. 
Expanding con-

tractions: 

Contractions like “don’t” were expanded 

to full forms “do not” for consistency 

using “contractions” library 

9. 
Punctuation and 

emoji removal: 

Special characters (‘@’, ‘#’, ‘$’, ‘%’, 

‘*’, ‘&’), punctuations (‘.’, ‘,’, ‘!’, ‘:’, 

‘?’, ‘”’), and emoji’s (,  etc.) were 

removed to focus on the tweet content 

10. 
Lowercasing 

words: 

All texts were converted to lowercase 

to ensure uniformity 

11. 
Multiple space 

removal: 

Multiple spaces were replaced with 

single space 

12. 
Stopwords re-

moval: 

Stopwords (e.g., ‘and’, ‘the’, ‘is’) were 

removed from the text 

13. Tokenization: 

Word tokenization used to breakdown 

the texts into sub words using “NLTK” 

toolkit, “word_tokenize” libraries 

SI. Tasks Details 

14. Lemmatization: 

To perform NLP tasks, words were 

lemmatized to their root or dictionary 

form using “WordNetLemmatizer” 

from “NLTK” library 

15. Vectorization: 

Text data converted to their numerical 

vector form to perform sentiment 

analysis, topic modeling, training ML 

algorithms. To assign numerical values 

to words based on the frequency 

(count vectorization) TF-IDF vectori-

zations were employed. Sparse matri-

ces were converted to corpus using 

“gensim” library 

These steps ensure that the raw data is clean, consistent, and 

ready for further analysis and implementations. 

3.1.2. Keyword Distribution 

 
Figure 2. Keyword Distribution in X Posts. 

Before implementing sentiment analysis and topic model-

ing, a quick identification was conducted within the 

pre-processed X content for specific interested keywords 

(Figure 2). Each keyword represents a term, and the figure is 

useful to understand the most prominent words discussed in 

the tweet posts. Notably, approximately 105,826 topics were 

http://www.sciencepg.com/journal/ijdsa


International Journal of Data Science and Analysis http://www.sciencepg.com/journal/ijdsa 

 

82 

based on ‘chatgpt’. The higher frequency of the major key-

words provides insights into the usage of ChatGPT for tasks 

such as ‘content’ creation, ‘writing’, ‘research’, ‘program-

ming’, and ‘assignment’ etc. It is also worth noting that the 

keyword ‘student’ appeared 7,948 times, which is higher than 

the counts for ‘teacher’ (3,548), and ‘academic’ (1,732). Ad-

ditionally, the words ‘fear’, ‘worry’ and ‘concern’ collectively 

appeared 5,944 times which is a very significant number that 

cannot be overlooked. These words were mentioned by the X 

users in the context of ‘plagiarism’, ‘academic integrity’, 

‘copy’, and ‘cheat’, among other topics. 

The most significant and frequently mentioned words ap-

pear (Figure 3) in the X posts include ‘chatgpt’ which appears 

42% of the time, and ‘ai’, which appears for 18%, among the 

others. In the next step, sentiment analysis was implemented 

to categorize the ChatGPT X contents based on their senti-

ments. 

 
Figure 3. Top 10 Used Words in X Posts. 

3.1.3. Sentiment Analysis of X Text 

 
Figure 4. Trend of Sentiment Distribution Over Time. 

 

 

Under the context of natural language processing (NLP), sentiment analysis focuses on categorizing the opinions ex-
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pressed in the text data based on different sentiments. The X 

contents have been categorized into ‘positive’, ‘negative’, and 

‘neutral’ sentiment labels to uncover the trends, concerns, and 

potential insights. The Figure 4 illustrates the trend in senti-

ment distribution towards ChatGPT over the timeframe. The 

trend of the positive (green line) and neutral (blue line) sen-

timent distribution shows a fluctuate behavior while the neg-

ative (red line) sentiment distribution follows an upward trend 

in trend which indicates that negative sentiments towards 

ChatGPT is increasing over the time. Notably, the trend of 

positive and neutral sentiment appeared to be very high be-

tween 2023-02-01 and 2023-02-15, and in 2023-03-15. 

Moreover, it is not our objective to analyze the time series 

events. 

The pie chart (Figure 5) also represents distribution of 

sentiments within the X posts. It is evident that the majority of 

the sentiments regarding ChatGPT in X posts are positive 

(51%) in comparison with negative sentiments, which account 

for only 15%, and neutral sentiments with 34%. 

 
Figure 5. Sentiment Distribution of X Posts. 

3.1.4. Topic Modeling of X Text Using LDA 

Latent Dirichlet Allocation (LDA) was applied for topic 

modeling to identify the most frequent topic words associated 

with word weight distribution within the X text data. 

(i). Identification of Positive Topics 

Most frequent words from each five topics from the posi-

tive X contents are shown in Figure 6. The plot illustrates the 

weights indicating the importance of each specific words 

(“chatgpt”, “value”, “use”, “content” etc.) associated with 

meaningful labels. 

Figure 7 illustrates the overall distribution of five positive 

topics which were mostly discussed on X posts related to 

ChatGPT. Among these topics, Topic 2 stands out as the most 

dominant, accounting approximately 49% and Topic 5 as the 

least dominant of the overall positive X contents. 

Based on these words from the Figure 6, a possible sub-

jective inference about the topics was made (Table 5). Among 

the positive tweet texts, Topic 2 was most prevalent subject 

discussed by the X users related to “Utility of ChatGPT”. This 

indicates that users were engaged in conversations related to 

the practical utility of ChatGPT associated with business 

scenarios, stakeholders, policy makers or educators. The 

second most prominent topic (Topic 4: 16%) is related to the 

application of ChatGPT for writing assistance. Also, X users 

positively discussed the generation of free contents through 

this AI prompt, accounting for 16% of the overall discussion 

on this topic. 
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Figure 6. Weights of Words for Positive X Topics. 

 
Figure 7. Topic Modeling for Positive X Contents. 

Table 5. Topic Names for Positive X Contents. 

Topics Topic Names Percentage 

Topic 1: ChatGPT OpenAI language model tool and search engine 13.30% 

Topic 2: Utility of ChatGPT 49.33% 

Topic 3: Create free content using ChatGPT prompt 16.66% 
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Topics Topic Names Percentage 

Topic 4: ChatGPT good writing assistance 17.75% 

Topic 5: Potentials of AI technology in the future 2.96% 

(ii). Identification of Negative Topics 

Figure 8 presents the word weights extracted from negative X texts, discussed mostly by the users. 

 
Figure 8. Weights of Words for Negative X Topics. 

Notably, this figure highlights the dominant words such as 

“chatgpt”, “student”, “wrong”, “cheating”, “write”, and 

“think” etc., which underscore concerns of using ChatGPT 

within educational context. 

Furthermore, Topic 2 exhibits the highest percentage (47%) 

in expressing negative concerns associated with ChatGPT, as 

shown in Figure 9 inferred as “Inaccuracy and concerns of 

cheating in examination” (Table 6). Users have expressed 

concerns about the usage of AI tools by students, which can 

potentially lead to misuse and cheating during examinations. 

Academic integrity is also a matter of their concerns. The 

inaccuracy of information can negatively impact students’ 

learning skills. 

Additionally, the second highest (21%) negative topic 

(Topic 1) is about using ChatGPT by students in school (Table 

6) and the overreliance on this tool can have an impact on 

humans’ critical thinking abilities and their creativity skills. 
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Figure 9. Topic Modeling for Negative X Contents. 

Table 6. Topic Names for Negative X Contents. 

Topics Topic Names Percentage 

Topic 1: 
Using ChatGPT by students in 

school and impact thinking 
21.62% 

Topic 2: 
Inaccuracy and concerns of cheat-

ing in examinations 
47.46% 

Topic 3: 
New AI model and user accessibil-

ity 
17.23% 

Topic 4: Limitations of ChatGPT 6.99% 

Topic 5: 
Potential threats by search engines 

(Google AI, ChatGPT) 
6.70% 

Approximately 17% of the content involves discussions of 

X users about the accessibility challenges and user experience 

of the new AI model. Topic 4 comprises of 7% of the discus-

sions, focusing on the limitations and drawbacks of ChatGPT, 

which are also a source of negative concern. Lastly, Topic 5 

(6.90%) seems to appear on potential threats posed by the 

search engines (e.g. Google AI and ChatGPT), particularly 

regarding the privacy and security concerns (Table 6). 

(iii). Identification of Neutral Topics 

The words related to neural topics are represented in Figure 

10. The word weights extracted from neutral X texts, dis-

cussed mostly by the users. Notably, this figure highlights the 

dominant words such as “chatgpt”, “write”, “generated”, 

“answer”, “search”, and “use” etc. 

The most frequent neutral topics associated with ChatGPT 

which are expressed by the X users are represented in Figure 

11 and Table 7, whereas Topic 1 is about “Generating Con-

tents by ChatGPT” exhibiting the highest importance of about 

27%. Most of the people concerned about discussing the 

contents generated by ChatGPT. The Topic 3 is as prominent 

as Topic 1, is about searching and retrieving answers using the 

AI prompt, accounts of 26% of X discussion. Furthermore, the 

Topic 2 regarding the possibility and limitations of using 

ChatGPT in future comprises of 22% of overall neutral X 

contents. 
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Figure 10. Weights of Words for Neutral X Topics. 

 
Figure 11. Topic Modeling for Neutral X Contents. 

Approximately 15% and 9% of the content involves dis-

cussions on the other topics such as conversations with 

Chatbot to assist in writing (Topic 5) and performance of AI 

tool with Microsoft and Bing in 2023. 
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Table 7. Topic Names for Neutral X Contents. 

Topics Topic Names Percentage 

Topic 1: Generating contents by ChatGPT 26.98% 

Topic 2: 
Possibilities and limitations of 

OpenAI ChatGPT in future 
22.44% 

Topic 3: 
Search questions and retrieve answers 

using ChatGPT 
26.13% 

Topic 4: 
ChatGPT with Microsoft AI and Bing 

in 2023 
8.58% 

Topic 5: AI-Powered conversations 15.86% 

In the next step, different machine learning models have 

been trained to the X dataset to examine the model perfor-

mance based on accuracy measures for each sentiment cate-

gory. 

3.1.5. Implementation of Machine Learning Models 

The performance of several machine learning models were 

evaluated for each sentiment classification tasks and the 

classification reports include metrics (precision, recall, 

f1-score, and accuracy) (Table 8). 

Table 8. Classification Report of Machine Learning Models. 

ML Models Sentiments precision recall f1-score Accuracy 

Logistic Regression: 

Negative 0.34 0.01 0.02 

0.60 Neutral 0.54 0.64 0.58 

Positive 0.65 0.75 0.70 

Random Forest: 

Negative 0.39 0.09 0.14 

0.62 Neutral 0.54 0.74 0.62 

Positive 0.71 0.70 0.70 

Support Vector Machine: 

Negative 0.44 0.00 0.01 

0.60 Neutral 0.52 0.67 0.59 

Positive 0.66 0.73 0.69 

Multinomial Naïve Bayes: 

Negative 0.26 0.00 0.00 

0.57 Neutral 0.55 0.33 0.41 

Positive 0.57 0.89 0.70 

K-Nearest Neighbour: 

Negative 0.25 0.18 0.21 

0.56 Neutral 0.50 0.71 0.59 

Positive 0.72 0.58 0.64 

Decision Tree: 

Negative 0.28 0.15 0.20 

0.59 Neutral 0.52 0.76 0.62 

Positive 0.73 0.61 0.66 

Gradient Boosting: 

Negative 0.57 0.01 0.02 

0.58 Neutral 0.58 0.38 0.46 

Positive 0.58 0.89 0.70 

 

Comparing the accuracy values, Random Forest achieved 

the highest accuracy (0.62), while K-Nearest Neighbor (KNN) 

achieved the lowest accuracy (0.56). However, the choice of 

the best model also depends on several factors such as preci-

sion, recall, and f1-scores. Since the f1-score makes a balance 

between the precision and recall values, we can use it to 

evaluate the models’ performances. 

(1) For Negative Sentiments: None of the models perform 
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particularly well, as all the f1-scores are below 0.25. 

KNN has the highest f1-score among all the models at 

0.21, and Decision Tree has an f1-score of 0.20. 

(2) For Neutral Sentiments: The f1-scores range from 0.41 

to 0.62, with Random Forest having the highest 

f1-score at 0.62, and Multinomial Naïve Bayes having 

the lowest f1-score at 0.41. 

(3) For Positive Sentiments: All the models performed 

quite well for positive sentiment classifications, with 

f1-scores ranging from 0.64 to 0.70. 

In summary, determining the best-performing model de-

pends on several factors, such as parametrization, computa-

tional efficiency, interpretability, and specific requirements. 

However, based on the above classification report, it can be 

concluded that Random Forest model is the top-performing 

model with the highest f1-scores and the highest accuracy for 

each classification task. Drawing insights from the extracted 

valuable concerns, sentiments and topics discussed in the 

above implementations regarding ChatGPT on social media 

platform X, a brief case study was conducted to investigate 

the application of AI tools in an educational context from an 

academic perspective. 

3.2. Survey Data Analysis 

In this section, the sentiment analysis has been imple-

mented on the survey data to discover the concerns, valuable 

insights, and thoughts regarding using ChatGPT in educa-

tional platform. 

3.2.1. Usage of ChatGPT by Academics 

The pie chart (Figure 12) visually represents the usage of 

ChatGPT by academics, showing that a larger percentage 

(58%) of them are using this AI tool for academic purpose. A 

significant portion of academics are using ChatGPT regularly 

(14.7%) or occasionally (23.5%) for their academic works 

(Figure 13). 

 
Figure 12. Usage of ChatGPT by Academics. 

 
Figure 13. Frequency of using ChatGPT by Academics. 
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Based on our findings from the survey, it is observed that a large portion (32%) of respondents find ChatGPT to be useful 

while 26% of respondents expressed neutral thoughts regarding its utility in academic tasks (Figure 14). 

 
Figure 14. Usefulness of ChatGPT in Academic Tasks. 

 
Figure 15. ChatGPT Accuracy Responses. 
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The Figure 15 represents valuable insights into the relia-

bility of ChatGPT generated information as perceived by the 

academics. The majority (41%) considers its accuracy of the 

generated information as moderate, while 26% of users be-

lieve that the information it provides is mostly accurate. 

However, since ChatGPT operates as a tool, its accuracy 

depends on the presence of various features and variables. It 

gathers information from diverse sources, which can lead to 

inaccurate results. Consequently, none of the academics con-

sider the responses generated by ChatGPT to be entirely pre-

cise. 

3.2.2. Major Purpose of Using ChatGPT 

Figure 16 illustrates that, 28% of the academics from our 

survey are using this AI tool to help with their writing tasks. 

Additionally, academics find ChatGPT to be a valuable tool 

for generating ideas and brainstorming. It is also notable that, 

ChatGPT is also significantly assisting the academics in pro-

gramming, preparing lectures and quizzes. Some respondents 

from our survey may not be utilizing ChatGPT for these spe-

cific tasks. Overall, our survey underscores that ChatGPT is 

helping the academics mostly for writing related activities in 

academic tasks. 

 
Figure 16. Purpose of Using ChatGPT in Academic Works by Academics. 

3.2.3. Allowing Students to Use ChatGPT 

Academics were asked about whether they allow their 

students to use ChatGPT or not. Approximately 27% of re-

spondents were open to the idea of allowing their students to 

use ChatGPT whereas 23% were opposed to this opinion 

(Figure 17). 

However, the decision of allowing students to use AI tools 

in educational settings depends on various factors and con-

siderations. It is essential to address both the benefits and 

concerns of permitting the usage along with ethical consider-

ations of the academic community. 

 
Figure 17. Allowing Students to Use ChatGPT. 
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3.2.4. Concerns of Academics About Potential 

Benefits of Using ChatGPT by Students 

Academics have raised their concerns from our survey about 

the potential benefits for students associated with this AI tool. 

They believe that ChatGPT primarily associates students to 

improve their language and writing skills (Figure 18). They 

also acknowledge that this tool can also contribute to enhancing 

their critical thinking abilities. However, students also use 

ChatGPT to write their assignments automatically which can 

make them dependent to it and violate ethical concerns. 

 
Figure 18. Potential Benefits of using ChatGPT by Students. 

3.2.5. Major Concerns for Academics and Students 

Academics have expressed their thoughts, worries and concerns for both them and students about using ChatGPT which have 

been shown in the Table 9 and Table 10. 

Table 9. Major Concerns for Academics. 

 Major concerns for Academics 

1. 
Huge dependency on this for their research work. There's a risk that their own critical thinking and research skills might be 

side-lined. 

2. Reading book will impact. 

3. For academics, the concern is that the information given by this tool is highly questionable. 

4. 
Academics are supposed to be critical thinkers, so I think they are less in risk of falling in traps like students, however sometimes with 

the workload being vast, they might overlook the fact that information could be wrong in favor of getting more done in less time. 

5. 

Inaccurate information 

The major concern for academics using ChatGPT for academic purposes is the challenge of assessing the originality and authenticity 

of the generated content, potentially compromising the integrity of research and scholarly work. 
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Table 10. Major Concerns for Students. 

 Major concerns for Students 

1. Using ChatGPT for academic purposes is the potential risk of overreliance on the tool. 

2. 
However my concerns are that it is mostly used for giving answers to questions that require critical thinking or effort from the stu-

dent's side, leaving them without the skills that they are meant to have after completing their studies. 

3. 
The major concern for students using ChatGPT for academic purposes is the risk of over-reliance on the tool, which could hinder their 

critical thinking and independent problem-solving skills. 

 

These concerns have been identified through a compre-

hensive search of keywords (Figure 19). Notably, a significant 

concern of using ChatGPT in academic research may en-

compass the risk of generating inaccurate information. Aca-

demics need to evaluate and verify the content generated by 

ChatGPT and consider the ethical issues. Moreover, excessive 

dependency on this tool affects the critical thinking and crea-

tivity which will lead to poor quality research. 

From our survey, the major concerns of academics have 

been extracted regarding students’ use of ChatGPT for aca-

demic purpose. Notably, it is examined that academic con-

sider academic integrity as the foremost concern (Figure 20). 

Academic tasks assigned to students are expected to be com-

pleted by their own level of critical thinking and effort. 

However, the automated generation of assignments and cop-

ying the content without proper citation potentially violate the 

academic integrity standards as well as affect their creativity 

skills. AI tools like ChatGPT can indeed generate inaccurate 

content, and the worry is that students may not spend enough 

time in verifying accuracy of the information, which can 

compromise their learning experiences. As previously men-

tioned, this tool can be used primarily for enhancing the 

writing skills within the boundaries of academic integrity 

standards, without students becoming overly reliant on it.  

 
Figure 19. Major Concerns for Academics. 
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Figure 20. Major Concerns for Students. 

3.2.6. Sentiment Analysis 

A sentiment analysis was conducted on the survey data. 

The respondents expressed their concerns for academics in 21 

sentences comprising 425 words, while for students in 29 

sentences with 505 words. This means, concerns for students 

have been expressed more by academics. The sentiment 

analysis results indicate (Table 11) different sentiment scores. 

The average sentiment score for academics’ concern is 

-0.06232, while for students, it is also negative with a score of 

-0.03873. It is also noticeable that, despite the negative sen-

timent, the overall valuable insights raised by academics have 

a positive sentiment (0.14793) because academics cannot 

deny the benefits of this AI tool. It has some advantages re-

garding all the concerns and risks. 

Table 11. Sentiment Scores. 

Sentiment Scores Concerns for Academics Concerns for Students 
Concerns of Valuable Insights from 

Academics 

Average Sentiment Score: -0.06232 -0.03873 0.14793 

Sentiment Label: Negative Negative Positive 

Total sentences: 21 29 29 

Total words: 425 505 439 

Sentiment Polarity: 0.04398 0.08841 0.15068 

Sentiment Subjectivity: 0.49554 0.42447 0.44307 

 

The sentiment polarity and subjectivity scores provide 

valuable insights into the emotional tone and depth of ex-

pression expressed by academics. The values are positive for 

both academics and students indicating that there is an overall 

positive tone in the concerns despite the negative sentiment. 

The Table 12 shows the average sentiment scores for both 

positive and negative sentiments. It is evident that, for both 

groups, the negative sentiments regarding concerns of using 
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ChatGPT are higher than the positive sentiments. 

Table 12. Average Sentiments Scores. 

Sentiment Types 
Sentiment Score for 

Academics (%) 

Sentiment Score 

for Students (%) 

Positive Sentiment 12% 11.54% 

Negative Sentiment 28% 38.46% 

The majority of sentiments expressed by educators re-

garding academics are negative (28%), indicating significant 

concerns and reservations about using ChatGPT which in-

cludes the possibility of poor-quality research, negative im-

pacts on critical thinking, overreliance, and presence of in-

accurate information. They emphasize about addressing these 

concerns while using ChatGPT in an academic context. 

In comparison, the majority of sentiments expressed by the 

academics towards students are also negative (38%). The aca-

demics have concerns that students using this tool in academic 

context may deteriorate their learning and thinking capabilities 

and they are fear of potential academic integrity issues. 

4. Discussion 

The key objective to conduct this research study was to 

investigate the underlying concerns, sentiments, and relevant 

factors related to OpenAI large language model “ChatGPT” 

through sentiment analysis using LDA, topic modeling, and 

implement the machine learning model for each classification 

task. 

4.1. Discussion on X Data Analysis 

The analysis of X posts about ChatGPT, utilizing the X 

dataset comprising 500k data, involved extensive data 

pre-processing steps, including the removal of hashtags, 

URLs, IDs, missing values, emoticons, space. Also, conver-

sion and transformations of datetime were performed, as well 

as converting the text words to lowercase. These steps pre-

pared the data for further analysis. To perform the Natural 

Language Processing (NLP) tasks, we further prepared the 

data through tokenization, lemmatization, and vectorization 

using specific libraries from “nltk” toolkit. 

A keyword distribution analysis unveiled the most frequent 

terms associated with ChatGPT discussions on X, including 

‘chatgpt’, ‘ai’, ‘like’, and ‘use’. Among the top 10 most fre-

quent words, the “chatgpt” term appeared with a majority of 

2,21,654 counts. 

To categorize the various opinions related to ChatGPT 

expressed in the X posts, sentiment analysis was conducted to 

classify the contents into positive, negative, and neutral sen-

timent labels. It was observed that (Table 13), positive sen-

timent towards ChatGPT was the most prevalent, accounting 

for 51%, whereas, neutral sentiments at 34% and negative 

sentiments at 15%. 

Table 13. Key Findings of X Data Analysis. 

Most Frequent Word Counts Positive Sentiment Negative Sentiment Neutral Sentiment 

“chatgpt”: 2,21,654 51% 15% 34% 

 

Sentiment Topic Percentage Topic Names 

Positive Topic 2 49% Utility of ChatGPT 

Negative Topic 2 47% Inaccuracy and Concerns of Cheating in Examinations 

Neutral Topic 1 27% Generating Contents by ChatGPT 

 

Best Performed ML Model Model Accuracy F1-score 

Random Forest 62% 
Positive Sentiments Negative Sentiments Neutral Sentiments 

0.70 0.14 0.62 

 

Next, to identify the key topics within each sentiment cate- gory, we applied Latent Dirichlet Analysis (LDA) for topic 
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modeling. The LDA models were trained to generate five pos-

sible topics from within each sentiment category. The most 

dominant words’ weights from each topic were evaluated 

within each sentiment categories, yielding valuable findings for 

our research questions. From the key findings in Table 13, we 

noticed that, the most prominent positive topic revolved around 

the utility of ChatGPT, accounting for 49% of discussions, 

while the negative topic (47%) centered on the concerns of 

generating inaccurate information, potential misuse of 

ChatGPT, and violating academic integrity which is alarming 

for students. On the other hand, the neutral topic concentrated 

(27%) mostly in assisting humans in generating free content 

and in writing. 

Finally, various machine learning models were imple-

mented and measured the accuracy metrics. Through the 

comparison, it is concluded that Random Forest model per-

formed well with the highest accuracy of 62% (Table 13). 

Additionally, the Random Forest model exhibited higher 

f1-scores when predicting the sentiment labels correctly 

compared to other machine learning models. 

4.2. Discussion on Survey Data Analysis 

A brief case study was conducted through a questionnaire 

among the academics from different universities to gather 

valuable concerns about ChatGPT in the context of educa-

tional perspectives. The responses from the survey underwent 

pre-processing which involved cleaning by removing 

non-academic responses and missing values. 

The thoughts, concerns, and user experiences of academics 

have been explored regarding the usage of ChatGPT in aca-

demic tasks. A signification portion of surveyed academics, 

approximately 59%, reported using ChatGPT for academic 

purposes. Among them, around 15% use this AI tool in a 

regular basis, while approximately 24% use it occasionally. 

In the context of the utility of the large language model tool 

in artificial intelligence, a majority, constituting 32% of aca-

demics consider it as useful whereas approximately 18% 

expressed that it is very useful, and another 26% of them 

regard its utility as averagely useful. 

Regarding the accuracy of generated contents from 

ChatGPT prompt, 41% of academics expressed their concerns 

as moderate, while 26% of them consider that the generated 

information is mostly accurate. 

In terms of the potential usage, 28% of academics find it as 

most helpful in writing, 19% think it is good for generating 

ideas and brainstorming, and a very least portion of them 

believe it does not assist much in research works. 

Approximately 29% of academics believe that ChatGPT 

primarily assists students in improving their language and 

writing skills while potentially enhancing their critical 

thinking. However, they also express concerns about gener-

ating assignments automatically may negatively impact the 

students’ learning behavior, creativity skills, and leads them 

towards over reliance on it, which is a major alarming con-

cern. 

From a frequency distribution of major potential keywords 

regarding ChatGPT in an educational context, it is obtained, 

“research”, “accuracy of information”, and “critical thinking” 

were the most concerned keywords for academics. Meanwhile, 

for students, “academic integrity”, “critical thinking”, “risk”, 

“copy-paste”, and “creativity skills” were identified as major 

fears. 

Table 14. Key Finding of Survey Analysis. 

Valuable Key Findings from Survey Data Analysis 

Usage of 

ChatGPT 

Using ChatGPT 59% 

Not using ChatGPT 41% 

User Type 
Regular Users 15% 

Occasional Users 23% 

Usefulness 

Useful 32% 

Very useful 17% 

Not at all useful 14% 

Accuracy 
Moderate accuracy 41% 

Mostly Accurate 26% 

Sentiment Score 

for Academics 
Negative 28% 

Sentiment Score 

for Students 
Negative 38% 

Perceived Bene-

fits 
Potential Benefit 

“writing assistance”; 

“generating ideas and 

brainstorming”; “im-

proving language and 

writing skills”; “en-

hancing critical 

thinking”; 

Perceived Con-

cerns 
Potential Concerns 

“poor quality re-

search”; “academic 

integrity”; “overreli-

ance”; “accuracy”; 

“impact critical 

thinking”; “impact 

creativity skills”; 

After that, a sentiment analysis of concerns for both aca-

demics and students revealed that the sentiment label is 

“Negative” for both groups, with higher negativity observed 

among students. Despite the negative sentiments, valuable 

insights raised by academics had an overall positive sentiment 

by acknowledging the potential benefits of ChatGPT. The 

sentiment polarity and subjectivity measures indicates an 

overall positive tone in the concerns. 
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5. Conclusions 

This research was carried out by exploring the applications 

and implications of artificial intelligence tool, ChatGPT 

across two distinct domains: social media and educational 

perspectives. Our research questions and the key findings 

suggest valuable insights into the perception of ChatGPT. 

Through NLP, sentiment analysis using LDA, and machine 

learning models, the research discovered potential valuable 

terms, keywords, and topics within each sentiment categories. 

Our findings underscore the significant benefits of 

ChatGPT, as a valuable tool for writing assistance, idea gen-

eration, and boosting creativity skills. The advancement of 

artificial intelligence revolutionizes the learning process in 

educational practices. However, despite the strengths and 

advantages, our research has also discovered critical concerns, 

fears, worries from both social media users and educators. 

These concerns cannot be disregarded and should be taken 

under careful safeguards considerations by establishing ef-

fective use for students with clear guidelines, especially in 

educational contexts. 

Looking forward to future research endeavors sheds the 

light on the need to consider the trade-offs between various 

model evaluation metrics and the complexity of computations 

of each machine learning model, particularly when using with 

advanced parametrizations. The constrained timeframe of this 

research prevented the implementations of advanced models, 

which could have enhanced the effectiveness of performing 

NLP tasks. 
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