o
o
jane08710@

i_o_. O] &
=]
2 e
7
ot oA
W sy

naver.com, marcusss @naver.com

A Comparative Analysis of Performance and Regional
Results of 12 Models for Wholesale Onion Price Forecast

Jane Park!, Sujin
Dept. of Information Convergence,
“Dept. of Information Convergence,

Q

aJr

Awo Fa FAEe @

5 =oba g

o
2

Jung®
Kwangwoon University
Kwangwoon University

¥

d &3] $38 12714 R (SARIMA, ARIMA, Lasso Regression, Linear

Regression, Ridge Regression, ElasticNet, LSTM, LightGBM, XGBoost Random Forest, Gradient Boosting,

Prophet)e] o= A< H] W EA Y,
ARIMA ¢} SARIMA o 79} F-akol| A
o A3z E L}E]— ]—011:} thokel mulo] A

= i —y

CEE

1. Intro

@A Abd 2 wast

8I7F #okor} E A= SARIMA, ARIMA, Lasso
Regression, Linear Regression, Ridge Regression, ElasticNet,
LSTM, LightGBM, XGBoost, Random Forest, Gradient Boosting,
Prophet & 12719 RS Xl E HlLOM THHom 4 5“’/}
© AollA Aol

thFgk ol FAAE[3]e]
2t 7 gk e AAE
el T AA #EE X

R

&4

Jud

2. Literature review
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3. Data
3.1 Data Collection
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3.2 Data Preprocessing
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ARIMA 0.61 093 0.76 096 0.79
SARIMA 0.59 093 0.76 0.96 0.78
Linear 056 097 0.72 095 0.77
Regression
Ridge 0.56 0.97 072 095 0.77
Regression
Lasso 056 097 0.72 095 0.77
Regression
ElasticNet 0.56 097 0.72 095 0.77
XGBoost 116 0.49 051 0.28 0.60
LSTM 0.24 0.89 057 0.82 0.56
Random 117 0.46 0.49 0.29 056
Forest
Gradient 119 045 0.42 0.29 0.60

oosting

LightGBM 152 045 0.56 0.26 0.30
Prophet 872 ~6.06 456 657 858
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