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A Machine Learning-based Supply Order Prediction System
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Abstract

Recently, while the restaurant industry has been accumulating various data in real-time through the introduction of
POS systems and kiosks, this data has not been effectively utilized. This study proposes a system that predicts the
consumption of supplies and determines optimal order timing by analyzing sales and order data using machine
learning techniques. We collected 11 months of actual store operation data, and experimental results showed that the
proposed approach demonstrated reasonable prediction performance. Also, predicting order timing from the proposed
approach achieved an average error of 1.14 days from actual order dates. These results demonstrated sufficient
accuracy for practical application in small restaurant environments. This system is expected to contribute to
operational efficiency through the implementation of a data-driven automated order management system.
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Table 2. Dataset description
Feature name Type Description Data type
order date datetime Date of the order (YYYYMMDD)
order type string Type of order
menu name string Name of the menu item Sales
menu quantity integer Quantity of the menu item ordered
menu price integer Unit price of the menu item
menu sales amount integer Total sales amount for the menu item (quantityx price)
supply date datetime Date of the supply order (YYYYMMDD)
supply quantity integer Quantity of the supply item ordered Supply

supply item type string

Type of supply item
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Table 3. Models and hyperparameter

Model Hyperparameter
Linear ~
Regression
n estimators : 200, max depth : Noneg,
Randorn min samples split : 2, min samples leaf :
Forest pies Spit - 1’ P '
n estimators : 400, max depth : 8,
XGBoost learning rate : 0.3, subsample : 0.63
LightGBM n estimators : 500, max depth : -

leamning rate : 0.3, num leaves : 100
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Table 4. DNN model structure

Type Content
Input size 50
Hidden Layers 3 layers (128 — 64 — 32 units)
Activation function RelLU

Loss function Mean Squared Error (MSE)
Optimizer Adam (learning rate: 0.001)
Batch size 32
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Table 5. MAE of each models

Cycle
o 1 2 3 4 5
XGBoost 1896 1895 1313 744 1031
near 005 y5g5 1343 791 115
Regression
DNN 2006 1464 1348 833 1059
Random .00 43 1176 84 973
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LightGBM 1816 1855 1209 946 1187
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