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Abstract This study applies neural network analysis techniques to examine the factors influencing the purchasing
decisions of fashion eyewear among women in their 30s and 40s, comparing these findings with traditional
parametric analysis methods. In the fashion area, machine learning techniques are utilized for personalized
fashion recommendation systems. However, research on such applications in Korea remains insufficient. By
reanalyzing a study conducted in 2017 using traditional quantitative methods with these new techniques, this
study aims to confirm the utility of neural network methods. Notably, the study finds that the classification
accuracy of preferred sunglasses design is highest, at 86.2%, when the L-BFGS-B neural network is activated
using the hyperbolic tangent function. The most critical factors influencing purchasing decisions were consumers'
occupations and their pursuit of new styles. It is interpreted that Korean sunglasses consumers prefer "safe
changes." These findings are consistent for selecting both the frames and lenses of sunglasses. Traditional
quantitative analysis suggests that the type of sunglasses preferred varies according to the group to which a
consumer belongs. In contrast, neural network analysis predicts the preferred sunglasses for each individual,
thereby facilitating the development of personalized sunglasses recommendation systems.
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