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[Abstract]

In this paper, we propose an efficient agricultural products price prediction model based on dataset which provided
in DACON. This model is XGBoost and CatBoost, and as an algorithm of the Gradient Boosting series, the average
accuracy and execution time are superior to the existing Logistic Regression and Random Forest. Based on these
advantages, we design a machine learning model that predicts prices 1 week, 2 weeks, and 4 weeks from the previous
prices of agricultural products. The XGBoost model can derive the best performance by adjusting hyperparameters
using the XGBoost Regressor library, which is a regression model. The implemented model is verified using the
API provided by DACON, and performance evaluation is performed for each model. Because XGBoost conducts
its own overfitting regulation, it derives excellent performance despite a small dataset, but it was found that the

performance was lower than LGBM in terms of temporal performance such as learning time and prediction time.
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I. Introduction
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II. Preliminaries

1. Related works
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Table 1. Analysis of existing algorithms

Algorithm | Structure Advantages Disadvantages
The longer the
Encoder Sequence sentence, the
2 ’ . more difficult it
Seq2Seq Decoder | different length .0 e d Cu.
is to acquire
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. Increased
Faster learning
leaf and execution chance of
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. time compared .
tree split using small
to GBoost
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t ical .
. Ca egorlca Not suitable for
Symmetrical variable .
CatBoost . error-rich
tree automatic
. datasets
preprocessing
Fast ti
aster execution When the
Decision time compared dataset is large
XGBoost to GBM, . e,
tree .. | the training time
over-conformity .
. is slow.
regulation
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(a) Level(Depth)-wise tree growth

(b) Leaf-wise (Best—Frist) tree growth

Fig. 2. Tree growth method
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Fig. 3. Decision Tree of XGBoost

III. The Propose of Agricultural
Product Price Prediction Model

1. Agricultural Product Price Prediction Model
Design
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Table 3. XGBoost Regressor Hyper Parameter

Hyper Parameter 1st 2nd 3rd
tree_method hist hist hist
n_estimators 1000 2000 500
max_depth 7 5 10
eta 0.1 0.1 0.1
subsample 0.7 0.7 0.7
colsample_bytree 0.7 0.7 0.7
num_boost_round 10 10 10
early_stopping_rounds none 200 100
submission_score 0.21936 0.23674 0.21311
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Fig. 4. XGBoost Onion Week—1 Model Tree
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Fig. 5. XGBoost Onion Week—1 Model
Feature Importance
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Table 4. CatBoost Regressor Hyper Parameter

Table 5. System Environment

Hyper Parameter 1st 2nd 3rd Item Value
n_estimators 1000 500 100 Virtual Environment Google Colabratory
max_depth 6 10 5 Memory 12.69GB
eval_metric RMSE RMSE RMSE . Python 3 Google Compute

Runtime Enai
subsample 0.8 0.8 0.8 ngine
learning_rate 0.05 0.1 0.1
submission_score 0.22994 0.24141 0.23432 Table 6. Python Library Version
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Fig. 6. CatBoost Onion Week_1 Model Fragment Tree
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IV. The Performance Evaluation of
Agricultural Product Price Prediction
Model

1. Experiment environment
2 = A 42 & bet i, ARERE mod 2t
ol¥2{z] WA & 61} Zti.

Module Version
python 3.7.12
xgboost 0.90
CatBoost 1.0.3
numpy 1.19.5
pandas 1.1.5
matplotlib 3.2.2

2. Performance analysis
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Fig. 7. Submission score of prediction model
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V. Conclusions
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