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The rapid advancement of artificial intelligence (AI), 

particularly large language models such as Chat-GPT, has 

raised concerns regarding the authenticity and validity of 

digital content. The ability of AI to generate human-like text 

introduces risks of misuse, including plagiarism and 

information manipulation. This study aims to develop an AI-

generated text detection system using the Multinomial Naive 

Bayes algorithm, which is widely used for text classification 

due to its simplicity and effectiveness. The Human Chat-GPT 

Comparison Corpus (H3C), sourced from Reddit’s r/ELI5 

subreddit, was used as the dataset and contains 800 question-

and-answer entries generated by both humans and AI. During 

the labeling process, responses were consolidated into a single 

column and assigned labels based on their origin. 

Preprocessing steps included case folding, digit and 

punctuation removal, tokenization, stop-word removal, 

normalization, and finalization. Text features were extracted 

using the TF-IDF method, limited to the top 1,000 features. The 

model was trained on 80% of the data and tested on the 

remaining 20%. The results showed an accuracy of 93%, 

indicating that the Naive Bayes algorithm is effective in 

distinguishing AI-generated from human-generated text and 

holds promise as an automated tool for AI content detection 
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1. Introduction 
Advances in digital technology have led to the emergence of machine learning and artificial intelligence (AI)[1]. 

One of the most significant developments is the large language model (LLM), which is capable of generating 

text with structure and writing style that closely resemble those of human language[2]. This advancement has 

had a major impact across various sectors, including education, journalism, and public services. However, it 

has also introduced a new challenge in the field of natural language processing (NLP): the authenticity of 

information in content generated by generative AI, such as Chat-GPT. NLP-based AI models are now able to 

produce text that is often indistinguishable from human writing[3]. This situation raises serious concerns 

regarding the validity of information and opens the door to potential misuse, including plagiarism, opinion 
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manipulation, and the spread of false information[5]. Therefore, there is a growing need for methods that can 

automatically detect and classify text in order to prevent misuse and maintain the integrity of information in 

the current digital era[4]. 

One of the most widely used large language models today is Chat-GPT, developed by OpenAI, which has the 

capability to automatically generate text with highly natural language structure. This presents challenges in 

terms of information validation, particularly in distinguishing between text written by humans and that 

generated by machines[5], [6]. Therefore, detecting AI-generated text is essential to ensure the authenticity of 

information and to prevent potential misuse of the technology. To address this issue, a system capable of 

detecting AI-generated content efficiently, accurately, and automatically is required. One commonly used 

approach in the field of Natural Language Processing (NLP) for text classification is the Naive Bayes method, 

which is known for its simplicity and effectiveness in various text-based classification tasks[7], [8]. 

The Naive Bayes algorithm is a simple yet effective classification method that is widely applied in text analysis 

tasks such as language identification and document categorization[9]. It operates by computing conditional 

probabilities based on the assumption of feature independence, which allows for efficient statistical modeling 

of linguistic data[10], [11]. Naive Bayes can identify patterns that are typical of machine-generated text and 

different from those found in human-written text[7]. When combined with appropriate pre-processing and 

training on relevant datasets, this method is expected to achieve high accuracy in distinguishing AI-generated 

from human-generated content. This contributes to efforts aimed at reducing the misuse of generative 

technologies in the digital environment. 

According to Seldi and Leo, it was shown that the application of Multinomial Naive Bayes with the Bag of Words 

(BoW) approach to detect AI generated text produced an accuracy of 98%[12], [13], [14]. According to research 

by Muhammad Ziaul Haq et al., the application of classical Naive Bayes to detect hoaxes on social media 

managed to obtain an accuracy of 88% proving that the probabilistic approach remains relevant in dealing with 

unstructured data such as narrative text[4]. According to research by Guo et al.  to distinguish human text and 

ChatGPT with the RoBERTa deep learning approach model, it can record an F1-score of 98%[2]. However, 

RoBERTa has limitations in terms of high computational requirements and implementation complexity[2]. 

According to Yadagiri et al [7], [15] detection using a trained deep learning model method combined with 

linguistic features produces 99.73% accuracy, but requires high performance with high computing resources 

and processing time. This provides a strong foundation for further exploration of Naive Bayes, especially the 

multinomial variant, as a lightweight and efficient approach to detecting text sources. 

This study aims to implement the Naive Bayes method for detecting text generated by Chat-GPT. The method 

was selected due to its strong performance in text classification tasks and its computational efficiency. In this 

research, the Naive Bayes algorithm is applied in conjunction with several preprocessing steps in Natural 

Language Processing (NLP), including case folding, punctuation removal, tokenization, and stopword removal, 

to enhance data quality[5], [16]. The dataset consists of both human-generated and AI-generated text, sourced 

from the Reddit ELI5 platform. The findings of this study are expected to contribute to addressing the 

challenges of information authenticity in the current era of generative technology. 
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2. Research Method 

 

Figure 1. Research methodology 

This study measures the level of accuracy of the naive Bayes algorithm model. The research method in Figure 

1 can be seen in the sub-chapter below: 

Data Collection 

The data used in this article was obtained from GitHub https://github.com/Hello-SimpleAI/chatgpt-

comparison-detection in the form of a collection of question and answer pairs from the Reddit platform, 

specifically from the ELI5 (Explain Like I’m 5) subreddit titled Human ChatGPT Comparison Corpus (H3C). The 

data length is 800 data and contains the columns id, question, human_answer, chatgpt_answer, and source. 

Labeling 

At this stage, the labeling process is carried out on the dataset consisting of a collection of texts generated by 

humans and by the ChatGPT model. This labeling process aims to provide an identity or category for each row 

of data that functions as training data for developing the classification model. 

Data Preprocessing 

• Case Folding is the text normalization stage by changing all characters in the text or sentence to 

lowercase[17], [18]. 

• Digit and Punctuation Removal is the stage of removing numbers and punctuation. 

• Tokenization is the process of separating text into individual recognizable single word pieces (tokens). 

• Stopword Removal is the removal of common words that often appear and are considered to have no 

significant meaning. 

• Normalization is the process of changing non-standard words, abbreviations, or modified forms into 

standard forms that are in accordance with standard language[8] 

Feature Extraction (TF-IDF) 

TF-IDF is an effective feature extraction method in giving weight to each word based on its frequency of 

occurrence, so that it is able to represent the reks features numerically for classification purposes[10]. The 

parameters used are stop_words=’english’ in the TF-IDF calculation max_features=5000 which limits the 

number of unique features/words to 5000 relevant features. The effectiveness of TF-IDF in weighting textual 

data according to Roba et al. which states that the more frequently a word appears in a document, the higher 

the weight given[19] 

 

 

https://github.com/Hello-SimpleAI/chatgpt-comparison-detection
https://github.com/Hello-SimpleAI/chatgpt-comparison-detection
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Model Training Using Pipeline 

• Multinomial Naive Bayes for text classification (human/ai) because Bayes decision theory is a 

fundamental statistical approach in pattern recognition. The standard form of Bayes' theorem is 

expressed as follows: 

P(A|B) =
𝑃(𝐴)𝑃(𝐵|𝐴)

𝑃(𝐵)
              (1) 

P (A|B) = Probability of A occurring given that B has occurred 

P(A) = Probability of A occurring 

P(B|A) = Probability of B occurring given that A has occurred 

P(B) = Probability of B occurring 

• This study uses a single data split method with 80% training data and 20% testing data, to evaluate 

model performance and ensure that overfitting does not occur. 

Model Evaluation 

• Precision Recall 

Precision = 2
𝑇𝑃

𝑇𝑃+𝐹𝑃
               (2) 

Description: 

TP/True Positive : Positive class data classified as positive 

TN/True Negative : Negative class data classified as negative 

FP/False Positive : Positive class data classified as negative 

FN/False Negative : Negative class data classified as positive 

• Recall 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                       (3) 

• F1-Score 

F1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
            (4) 

The model was also tested using a confusion matrix to determine the number of correct and incorrect 

predictions and to detect false positives/negatives. 

3. Result and Discussions 
Data Collection 

In the data collection stage, the data contains a collection of question and answer pairs collected from the Reddit 

platform, specifically from the ELI5 (Explain Like I’m 5) subreddit named Human ChatGPT Comparison Corpus 

(H3C). The data length is 800 data containing the question, human_answer, chatgpt_answer, and source 

columns. The research data can be seen in Figure 2. 
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Figure 2. Data collection 

Labeling 

In the labeling stage, the texts from human answers and ChatGPT are combined into one ‘text’ column and 

labeled ‘human’ or ‘ai’ separately, then combined into a DataFrame. The labeling results can be seen in Figure 

3. 

 

Figure 3. Labeling 

Data Preprocessing 

At this stage, several steps are carried out consisting of case folding, digit and punctuation removal, 

tokenization, stopword removal, and normalization. 

• Case Folding 

 

Figure 4. Case folding 

This process is done by applying the .str.lower() method to the ‘text’ column of the DataFrame by 

making all sentences lowercase. The casefolding stage in this study can be seen in Figure 4. 
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• Digit and Punctuation Removal 

 

Figure 5. Digit and Punctuation Removal 

At this stage of the research, digit and punctuation removal was carried out on the text, where non-

alphabetic characters (other than the letters ‘a-z’ and spaces) were removed from the ‘casefolding’ 

column. Digit and Punctuation Removal can be seen in Figure 5. 

• Tokenization 

 

Figure 6. Tokenization 

At this stage, the text tokenization process where sentences from the ‘punctuation_removed’ column 

are broken down into a list of individual words or ‘tokens’. This process is implemented using the 

wordd_tokenize function from the nltk library. The tokenization stage in this study can be seen in 

Figure 6. 

 

• Stopword Removal 

 

Figure 7. Stopword Removal 

This stage involves stopword removal, eliminating frequently occurring words that carry little to no 

meaningful information and have been removed from the token list. This process is implemented by 

downloading a list of English stopwords from the NLTK library, then each token in the 'tokens' column 

is checked. The stopword removal stage can be seen in Figure 7. 
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• Normalization 

 

Figure 8. Normalization 

At the text normalization stage, where non-standard words or abbreviations in the 

‘stopword_removed’ column are changed into standard form according to the specified 

normalization_dict. The Text Normalization Stage can be seen in Figure 8 

• Finalization Text 

 

Figure 9. Finalization Text 

At the text finalization stage, where the list of normalized words from the ‘normalized’ column is 

recombined into one complete sentence string, and the results are stored in a new column named 

‘final_text’. The text finalization stage in this study can be seen in Figure 9. 

TF-IDF Feature Extraction 

The feature extraction process at this stage uses the TF-IDF method to represent text. Feature extraction is 

done using the TF-IDF Vectorizer library from Scikit-learn with the max_features=1000 parameter, which 

means that only the top 1000 words (based on frequency and IDF value) are selected as the main features. The 

selection of max features 1000 helps reduce overfitting and maintain computational efficiency without 

sacrificing model performance. 

Model Training Using Pipeline 

• Training Data and Testing Data 

 

Figure 10. Training data and testing data 
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This stage involves dividing the data into two portions: 80% for training and 20% for testing. As 

visualized in Figure 10, AI data is marked in blue and human data in orange. 

• Multinomial Naive Bayes 

 

Figure 11. Naive Bayes Prediction 

This step involves using the scikit-learn library to implement the Multinomial Naïve Bayes algorithm 

for prediction tasks. Testing was carried out on 10 samples, and the implementation results are 

presented in Figure 11. 

• TF-IDF Vectorizer 

 

Figure 12. TF-IDF Vectorizer 

After training the model using the Multinomial Naïve Bayes algorithm, a new sample is tested to 

evaluate its prediction performance. During the feature extraction process with TF-IDF using the 

scikit-learn library, it was observed that there were 20 words or features with the highest TF-IDF 

scores. The results of the TF-IDF Vectorizer can be seen in Figure 12. 
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Model Evaluation 

• Confusion Matrix 

 

Figure 13. Confusion Matriks 

The Naive Bayes model shows excellent performance in classifying AI and human texts. The number 

of false positive and false negative errors. Only 15 AI texts were misclassified as human texts, and only 

7 human texts were misclassified as AI texts. This shows that the features of TF-IDF are quite effective 

in distinguishing the writing style characteristics of these two types of writers. The results of the 

confusion matrix implementation of the naive bayes method can be seen in Figure 13. 

• Precision, Recall, F1-Score 

 

Figure 14. Evaluation 

The evaluation metrics used to present the test results include precision, recall, and F1-score. The 

results indicate that the model achieved an accuracy of 93%, demonstrating its strong performance in 

accurately detecting and classifying text. The evaluation results in this study can be seen in Figure 14. 

4. Conclusions and Future Works 
This research successfully implemented and evaluated a Multinomial Naive Bayes classifier to distinguish 

between human-written and ChatGPT-generated text. By employing comprehensive NLP preprocessing and 

TF-IDF feature extraction on the Human ChatGPT Comparison Corpus (H3C) dataset , the model achieved a 

high accuracy of 93%. This finding demonstrates that a computationally efficient and interpretable algorithm 

can be highly effective for AI text detection, presenting a practical alternative to resource-intensive deep 

learning models. The results confirm that the Naive Bayes method provides excellent performance in 

automatically classifying text sources , offering a valuable contribution to addressing the challenges of 

information authenticity in the current technological landscape. To build upon this work, several avenues for 

future research are recommended. The model's robustness and generalizability could be tested on larger and 

more diverse datasets from various domains, such as news articles, academic writing, and different social 
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media platforms. Future studies could also explore more advanced feature engineering techniques, like word 

embeddings, to capture deeper semantic and stylistic nuances. Finally, a comparative analysis with other 

lightweight classification algorithms, such as Logistic Regression and Support Vector Machines, could be 

conducted to identify the most optimal model for this task. Integrating explainable AI (XAI) methods could also 

enhance model transparency by revealing which linguistic features are most indicative of AI-generated text 
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