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Public Sentiment Toward Electric Vehicles in Thailand: A Machine Learning Analysis

of Pantip Discussions
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Abstract

Thissstudyyaims to analyze public sentiment toward electric vehicles (EVs) in Thailand using
discussions, collected from the Pantip online platform. The dataset consists of over 10,000 Thai-language
comments spanning from 2017 to 2025. The research process includes data collection, text cleaning, Thai
tokenization, and feature extraction using TF-IDF. Three machine learning models—Naive Bayes (NB),
Logistic Regression (LR), and Support Vector Machine (SVM)—were developed to classify sentiment into
three categories: positive, negative, and neutral. The experimental results show that Logistic Regression
achieved the best performance with an accuracy of 0.7425 and a macro Fl-score of 0.7215, followed by

SVM and Naive Bayes. Additionally, a large language model (LLM) using a zero-shot approach performed
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significantly lower than traditional machine learning models. The findings provide valuable insights for

policymakers and businesses in promoting EV adoption in Thailand.

Keywords: Electric Vehicles (EV), Sentiment Analysis, Machine Learning, Thai Natural Language

Processing (NLP)
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