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A Statistical Approach to Identify Taiwan’s Master and
ChatGPT-generated Abstracts

Jack C. Yue® You-Yu Chang*

Abstract

Large language models (LLM) has brought convenience to our lives, but it also
poses potential risks. Award-winning articles and creative works using artificial
intelligence tools such as ChatGPT have not only sparked controversy over fairness
but also reshaped public perceptions of innovation. This paper examines abstracts of
master’s dissertations in economics from Taiwan between 2018 and 2020. Using
ChatGPT to generate abstracts on the same topic, we compared the writing style
through tools from exploratory data analysis (EDA) and basic statistics, such as the
length and diversity of words, phrases, and sentences of the two types of texts,
combined common words and vocabulary as explanatory variables. We applied
these variables into logistic regression and machine learning models to distinguish
computer-generated text. The classification accuracy of the proposed approach was
high, comparable to that of the frequently used LLM model BERT. The proposed
method uses fewer variables, is computationally more efficient, and provides
information on which features can be used to distinguish writing styles. Also, the
results showed that ChatGPT-generated abstracts tend to use shorter sentences,
while abstracts of master’s theses use a mixture of long and short sentences. On the
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other hand, the generated texts tend to use more words like “enhance,” “provide,”
“suggest,” and “in addition,” and master’s abstracts use the functional word “z_”

more frequently.

Keywords: Text Analysis, Exploratory Data Analysis, ChatGPT, Large Language
Models, Writing Style
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