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With about 80% of the global economy expected to shift to the global market by 2030, exports of reverse direct purchase
products, in which foreign consumers purchase products from online shopping malls in Korea, are growing 55% annually. As
of 2021, sales of reverse direct purchases in South Korea increased 50.6% from the previous year, surpassing 40 million. In
order for domestic SMEs(Small and medium sized enterprises) to enter overseas markets, it is important to come up with export
strategies based on various market analysis information, but for domestic small and medium-sized sellers, entry barriers are high,

such as lack of information on overseas markets and difficulty in selecting local preferred products and determining competitive

sales prices. This study develops an Al-based product recommendation and sales price estimation model to collect and analyze

global shopping malls and product trends to provide marketing information that presents promising and appropriate product sales
prices to small and medium-sized sellers who have difficulty collecting global market information. The product recommendation
model is based on the LTR (Learning To Rank) methodology. As a result of comparing performance with nDCG, the Pair-wise-based
XGBoost-LambdaMART Model was measured to be excellent. The sales price estimation model uses a regression algorithm.
According to the R-Squared value, the Light Gradient Boosting Machine performs best in this model.
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<Table 1> Data Collection Status
Shopping Mall . .
(Country) Number of data Collection period
Amazon (US) 1,453,647 2021/10 ~ 2023/04
Taobao (CN) 13,812,597 2021/09 ~ 2023/04
Shopee (VN) 1,308,039 2021/09 ~ 2023/04
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<Figure 1> Derivation of Missing GPA Values by Linear
Interpolation
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<Figure 3> Removing Properties with VIF with VIF
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<Figure 4> Validate correlation with OLS
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