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ABSTRACT

Through the rapid developments in machine learning, there have been diverse utilization approaches not only in
industrial fields but also in daily life. Implementations of machine learning on financial data, also have been of interest.
Herein, we employ machine learning algorithms to store sales data and present future applications for fintech enterprises.
We utilize diverse missing data processing methods to handle missing data and apply gradient boosting machine learning
algorithms; XGBoost, LightGBM, CatBoost to predict the future revenue of individual stores. As a result, we found that
using median imputation onto missing data with the appliance of the xgboost algorithm has the best accuracy. By
employing the proposed method, fintech enterprises and customers can attain benefits. Stores can benefit by receiving
financial assistance beforehand from fintech companies, while these corporations can benefit by offering financial support
to these stores with low risk.
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Table. 1 Train Set Variables[11]

store_id Store ID
card id Credit Card ID
card_company De-identified Card Company Name
transacted _date Date of Transaction
transacted_time Time of Transaction
installment term Installment Term of Transaction
region Store Region

type_of business Type of Business

amount Transaction Amount
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Fig. 1 Difference Between Time Series Plot for Store
ID 1, 271, 772, 999

Table. 2 Final Features for the Train Data

store_id Store ID
month Month of Transaction Date
year Year of Transaction Date
three_month
four month
five_month
six_month Total Transaction Amount “nth” Month

seven_month

eight month

nine_month

before the Transaction Month
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Table. 3 MAE Test Scores Results

ten_month
eleven_month XGBoost LightGBM CatBoost
twelve month NA 321279.78 320953.13 360355.44
amount Total Transaction Amount for the “month” MEAN 323330.41 326836.75 353011.75
MEDIAN 320487.36 325040.74 353409.89
LINEAR 323462.43 323223.69 359235.33
I, &g o Zat SPLINE 327696.05 | 323269.50 | 354742.81
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Table. 4 Comparisons of MAE and Time Measure for
the Final Models

Dataset Model MAE Time(s)
Median XGBoost 320487.36 3537.50
NA LightGBM 320953.13 9.70
Mean CatBoost 353011.75 135.70
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