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Nowcasting Monthly Industrial Activity Deflators
Using High-Dimensional Predictors™

Gyure Kim" Jihyun Kim?* Yerin Han® Heejoon Han'l

Abstract  This study conducts nowcasting of monthly industrial activity defla-
tors for the service and retail sales sectors using high-dimensional explanatory
variables, and compares the performance of various linear and nonlinear fore-
casting methods. Linear approaches combine AR/ARX models with factor anal-
ysis and shrinkage estimation techniques, while nonlinear approaches include
tree-based methods and neural network models. The results show that the AR +
Ridge approach performs best for the service deflator, whereas the ARX + factor
analysis with LASSO/Elastic Net yields the strongest performance for the retail
sales deflator. In addition, incorporating a one-year lag improves forecasting ac-
curacy for both deflators when newly released information is available. Overall,
the findings highlight the importance of methodological structure and the timing
of explanatory variables in nowcasting industrial activity deflators.
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Table 1: DESCRIPTIVE STATISTICS OF DEFLATORS FOR THE SERVICE PRODUCTION
INDEX AND RETAIL SALES INDEX. This table presents descriptive statistics and unit
root test results for the target variables of this study. The unit root test results indicate
that each variable contains a unit root.
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Figure 1: SERVICE AND RETAIL DEFLATORS. This figure shows the trends of the target
variables from August 2004 to June 2025. The dashed line represents the service deflator,
and the solid line represents the retail sales deflator.
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Table 2: SUMMARY OF LINEAR METHODS. This table summarizes the linear methods
utilized in this study. The linear approaches are categorized based on the use of factor
analysis, the application of shrinkage estimation techniques, and the inclusion of a one-
year lag term.
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Hz|nt3 24 (ARX 2 F) 1.000 1.000
FA 7|
ARX + FA 1.011 1.042
2254 74
AR + Ridge (2-2%) 0.906 0.976
=43 719
ARX + FA + ElasticNet (P) 0.954 0.976
AR + FA + ElasticNet (Z4-24, P) 0.936 1.007
19 A2 28
FA 7|H
ARX + FA 1.005 1.012
2257 7
AR + Ridge (3-89) 0.916 0.957
=4 714
AR + FA + ElasticNet 0.912 0.988
AR + FA + LASSO (#-£9, P) 0.938 0.961
I3 A A} (A B]A Y& ol E). o] B A ] Au 2 o] 2ol E
o) ATkE AN 19 A 2§ o Hof met TR 5, FA 7Y/ HA45A
71H 1 29 71 ZAZFoll A 12ke} 22F eI AEO A 7HE Rt S8 Hel
up oAb A A5he, 7} 9 o] RMSES Wl 2|mt=L 29 o] RMSER o] A
A of 22 2| .8 A AFICE P M| 2 CPIo] Z4: A|okS 483 795 olm]5}o],
13} U9 AL E 0k 234 L9 ALE Zh2tol 4 b3 Flolet o2 A2 188 o S

1552 AR

Table 3: LINEAR METHOD RESULTS (SERVICE DEFLATOR). This table presents the
nowecasting results for the service deflator using linear methods. The models are cate-
gorized by whether a one-year lag term is applied. For each category—Factor Analysis
(FA), Shrinkage Estimation, and Hybrid methods—we report the results from the model
showing the highest predictive power in the first and second nowcasts. Relative perfor-
mance indicators are provided by dividing the RMSE of each method by the benchmark
model’s RMSE. ‘P’ denotes the application of shrinkage constraints to the service CPIL.
The method with the best forecasting performance in each nowcast is underlined.
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12 Y IHAE 22 YA E

Hzjulg 28 (ARX 29) 1.000 1.000
FA 71
ARX + FA 0.981 0.998
2257 7
ARX + LASSO 0.950 0.992
o9ty 7
ARX + FA + LASSO (P) 0.964 1.021
ARX + FA + LASSO (8-¢9)) 0.930 1.097
19 A3 A8
FA 7]
ARX + FA 0.967 0.947
2454 74
AR + ElasticNet 0.964 1.054
ARX + ElasticNet 0.987 0.935
o9ty 7
ARX + FA + ElasticNet (P) 1.075 0.925
ARX + FA + ElasticNet (P) 0.997 1.033
B4 Ay 2 (Lo O Sdold). of B Aol Luju oS
glolE dl& A= A AR 1'd A RFe) 28 of Bof wha 23t F,FA 7| / S4
27 71 39 719 2204 1349} 234 SARECN Th 957 o] 5L
HQl v o] A3t-E AA|shH, ZF B o] RMSEE Hlx|upH 1Ly o] RMSEZ U0]
A ASE ARE AAGTE P AE CPIo| 4 AokS A-83t HolH, 1
AU LE} 27 LESALE 242k A 71 ol el 2 A2 Bl oSS

HER ZAR.

Table 4: LINEAR METHOD RESULTS (RETAIL SALES DEFLATOR). This table presents
the forecasting results for the retail sales deflator using linear methods. The results are
categorized by the inclusion of a one-year lag term. For each category—Factor Analy-
sis (FA), Shrinkage Estimation, and Hybrid methods—the results of the model with the
highest predictive power in the first and second nowcasts are reported. Relative forecast-
ing performance is presented as the RMSE of each method divided by the benchmark
model’s RMSE. ‘P’ indicates the application of shrinkage constraints to the commodities
CPI. The forecasting methods that exhibit the best performance in the first and second
nowcasts, respectively, are underlined.
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Au]A o] =Zg|ole
HI2 A3 ol U2 JLZ (Dense) O (Ridge) O (Ridge)
Id A7 28 X 0
AR/ARX ARX ARX
_ . 84 7% (Sparse) O (LASSO) O (ElasticNet)
Anf Ed|olE
oo o &0l H 17 722 (Dense) O (Factor) O (Factor)
1 A7 A X X
25 AP 2t 9ok o] 3 APy o] o= AE ZF I ol HER A
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Table 5: SUMMARY OF LINEAR METHOD RESULTS This table summarizes the fore-
casting results of the linear methods for each deflator, highlighting which model struc-
ture achieved the best performance at each forecasting point.
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12} YA E
2 2 et 2R we
A 9 57 7]ty
Rldge 2.509 1.275
LASSO 2.497 1.291
LASSO (4-¢9) 2.509 1.291
ElasticNet 2.490 1.271
ElasticNet (4-24) 2.498 1.280
CSR (Complete Subset Regression) 2.535 1.346
Tree 7] HIHH
2 Z Y AE (Random Forest) 2.524 1.275
XGBoost 2.476 1.218
Boruta Algorithm (¥4~ A1 E4) 1.231 1.225
AT 715 g
Al Ak 2.530 1.326
LSTM (Long Short-term Memory) 2.791 1.473
# 6: AP A (AE|A HEolH). o] B vAFHH] AH|A o
Edolg oS A5 AR A 2 27 79 2 / Tree 7|8F B / AW
Z|8E ¥ 0 2 SRSt oS DS A Al oh, ZF i 9 RMSE% H 2|k 5 o
RMSER U0l A of| 58 X 55 At vl B 5 7P Hold 54

=
53 5ol e WER BARIT
Table 6: NONLINEAR METHOD RESULTS (SERVICE DEFLATOR). This table presents
the nowcasting results for the service deflator using nonlinear methods. The results are
categorized into linear and regression-based methods, tree-based methods, and neural
network models. Relative forecasting performance is presented as the RMSE of each
method divided by the benchmark model’s RMSE. The nonlinear method exhibiting the
best forecasting performance is underlined.
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Ridge 1.556 1.553
LASSO 1.521 1.521
LASSO (A-¢9) 1.570 1.564
ElasticNet 1.518 1.516
ElasticNet (4-24) 1.563 1.560
CSR (Complete Subset Regression) 1.611 1.599
Tree 7] HIHH
2 Z Y AE (Random Forest) 1.555 1.565
XGBoost 1.536 1.528
Boruta Algorithm (¥4~ A1 €4) 1.468 1.459
A7 715 B
Al 73t 1.731 1.735
LSTM (Long Short-term Memory) 1.868 1.849
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Table 7: NONLINEAR METHOD RESULTS (RETAIL SALES DEFLATOR). This table
presents the nowcasting results for the retail sales deflator using nonlinear methods. The
results are categorized into linear and regression-based methods, tree-based methods,
and neural network models. Relative forecasting performance is presented as the RMSE
of each method divided by the benchmark model’s RMSE. The nonlinear method ex-
hibiting the best forecasting performance is underlined.
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Service Consumer Price Indices

Commodity Consumer Price Indices

Capital goods Production index (seasonally adjusted)
Capital goods Shipment index (seasonally adjusted)
Capital goods Inventory index (seasonally adjusted)
Intermediate goods Production index (seasonally adjusted)
Intermediate goods Shipment index (seasonally adjusted)
Intermediate goods Inventory index (seasonally adjusted)
Consumers’ goods Production index (seasonally adjusted)
Consumers’ goods Shipment index (seasonally adjusted)
Consumers’ goods Inventory index (seasonally adjusted)
Whole country Production index (seasonally adjusted)
Whole country Shipment index (seasonally adjusted)
Whole country Inventory index (seasonally adjusted)
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Tcode

Monthly survey of Mining and Manufacturing Production index
(seasonally adjusted)

Monthly survey of Mining and Manufacturing Shipment index (sea-
sonally adjusted)

Monthly survey of Mining and Manufacturing Inventory index (sea-
sonally adjusted)

Monthly survey of Mining and Quarrying Production index (season-
ally adjusted)

Monthly survey of Mining and Quarrying Shipment index (season-
ally adjusted)

Monthly survey of Manufacturing Production index (seasonally ad-
justed)

Monthly survey of Manufacturing Shipment index (seasonally ad-
justed)

Monthly survey of Manufacturing Inventory index (seasonally ad-
justed)

Monthly survey of Electricity, gas and steam Production index (sea-
sonally adjusted)

Monthly survey of Electricity, gas and steam Shipment index (sea-
sonally adjusted)

Unemployment rate

Total economically active population (thousand persons)

Total employed persons (thousand persons)

Unemployed persons (duration < 3 months)

Unemployed persons (3 months < duration < 6 months)
Unemployed persons (6 months < duration < 12 months)
Unemployed persons (6 months and over)

Unemployed persons (12 months and over)

House price index (national)

House price index (Seoul capital area)

House price index (provincial area)
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B Ay Tcode
National future tendency business condition BSI 1
National future tendency sales growth BSI 1
National future tendency profitability BSI 1
National future tendency financial situation BSI 1
National future tendency human resources BSI 1
Index of all industry production: Industrial production (seasonally 5
adjusted)
Index of all industry production: Construction (seasonally adjusted) 5
Index of all industry production: Service industry (seasonally ad- 5
justed)
Index of all industry production: Public administration (seasonally 5
adjusted)
Monetary base (average, seasonally adjusted) 5
Currency in circulation 5
Central bank liabilities to depository corporations 5
Ml 5
M2 5
CD rate (91 days) 2
CP rate (91 days) 2
Treasury bond yield (1-year) 2
Treasury bond yield (3-year) 2
Treasury bond yield (5-year) 2
Treasury bond yield (10-year) 2
Corporate bond yield (AA-) 2
Bank of Korea base rate 2
Corporate bond yield (BBB-) 2
Weighted average lending rate to households (housing loans) 5
Treasury bond spread (10-year minus 1-year) 5
KRW/USD exchange rate 5
KRW/CNY exchange rate 5
KRW/JPY (per 100 yen) exchange rate 5

Continued on next page
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Tcode

KRW/EUR exchange rate

KRW/GBP exchange rate

KRW/CAD exchange rate

KRW/CHEF exchange rate

CPI: Finished consumer goods

CPI: Food and non-alcoholic beverages

CPI: Clothing and footwear

CPI: Furnishings and household maintenance

CPI: Health
CPI: Transport
CPI: Education

CPIL: Miscellaneous goods and services

Domestic supply price index: Raw materials

Domestic supply price index: Intermediate goods and services
Domestic supply price index: Final goods and services
Domestic supply price index: Raw and intermediate materials
Import price index:
Import price index:
Import price index:
Import price index:
Import price index:
Export price index:
Export price index:

KOSPI index
KOSDAQ index
VKOSPI index
Expected inflation

Composite leading indicator
Composite lagging indicator

Oil price

US CPI (CPIAUCSL)

Agricultural, forestry and marine products
Bituminous coal

Crude oil

Liquefied natural gas

Manufacturing products

Agricultural, forestry and marine products
Manufacturing products
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s A Tcode
US 10-year treasury bond yield IRLTLTO1USM156N) 2
F 8: ¥ 9l M e JE (Teode). o] i 2 Aol A 887t 7 o] Wl

TAe Zﬂﬁl et AAIE yeoll Rt Teodes B o7} 2o Eﬂolﬂ %i% ofmfgtet: (1)
yi; (2) Ayg; (5) Alogy;.

Table 8: VARIABLE TRANSFORMATIONS AND TCODES. This table presents the trans-
formation methods applied to each variable in this study. For a given time series y;, the
Tcode indicates the following data transformations: (1) y;; (2) Ayy; and (5) Alogy;.

AH| 2 H & o] E o gl oE ol
12 YN AE 22 YSIHAE 12 Y AE 22 Y7 AE
RMSE 0.00428 0.00251 0.00705 0.00265
MAE 0.00346 0.00193 0.00570 0.00204

T 9: fixmuta B (ARX) oS A3} o] i wix|ut3 By o] 13} 9l 23} ¢
7§~ E ol Thgt RMSES} MAE 27+ A|A| gt

Table 9: FORECASTING RESULTS OF BENCHMARK MODEL (ARX). This table
presents the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) for
the first and second nowcasts of the benchmark model.
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AAH, AAE, el 9, _HalE 61
12} I AE 22 YL AE

uhy EIAE AR sF 2IAE 4B S
AR + FA 1.088 1.083 1.116 1.185 1.180 1.205
ARX + FA 1.011 1.005 1.164 1.042 1.037 1.239
AR + LASSO 0.985 0.978 1.051 1.080 1.062 1.168
ARX + LASSO 0.973 0.964 1.076 0.995 1.000 1.209
AR + Ridge 0.985 0.983 1.047 1.065 1.068 1.168
ARX + Ridge 0.956 0.968 1.092 0.999 0.995 1.189
AR + Elastic 0.977 0.985 1.060 0.991 1.023  1.109
ARX + Elastic 0.948 0.951 1.138 0.979 0.989 1.157
AR + FA + 0.957 0.963 1.056 1.002 1.012 1.097
LASSO
ARX + FA + 0.936 0.956 1.112 0.982 0.983 1.150
LASSO
AR + FA + 0.969 0.960 1.068 0.997 1.017 1.116
LASSO P
ARX + FA + 0.954 0.962 1.109 0.979 1.003 1.169
LASSO P
AR + FA + Elastic 0.947 0.956 1.063 1.017 1.008 1.090
ARX + FA + Elas- 0.938 0.948 1.120 0.987 0.990 1.152
tic
AR + FA + Elastic 0.946 0.961 1.064 1.026 1.000 1.119
P
ARX + FA + Elas- 0.954 0.959 1.118 0.976 0.995 1.156
tic P
AR + Ada 0.935 0.926 1.018 0.987 1.015 1.161
LASSO
ARX + Ada 0.934 0.931 1.097 1.010 1.001 1.225
LASSO
AR + Ada Ridge 0.906 0.949 1.060 0.969 1.041 1.166
ARX + Ada Ridge 0.914 0.920 1.128 0.976 0.976 1.193
AR + Ada Elastic 0.928 0.918 1.005 1.009 1.009 1.162

0.939 0.924 1.093 0.991 0.981 1.221

ARX + Ada Elas-
tic
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12} Y| AE 22} YN AE
e SIAE AR FE 2IAE AR aE
AR + FA + Ada 0.948 0.928 1.133 1.019 1.031 1.174
LASSO
ARX + FA + Ada 0.945 0925 1.127 1.024 1.001 1.217
LASSO
AR + FA + Ada 0.937 0.923 1.030 1.007 0.997 1.176
LASSOP
ARX + FA + Ada 0.939 0.934 1.075 1.009 0.976 1.225
LASSOP
AR + FA + Ada 0.947 0.929 1.134 1.015 1.035 1.173
Elastic
ARX + FA + Ada 0.939 0.920 1.106 1.020 1.006 1.217
Elastic
AR + FA + Ada 0.936 0.921 1.028 1.007 1.000 1.177
Elastic P
ARX + FA + Ada 0.937 0.940 1.071 1.008 0.965 1.220
Elastic P

[EREEEE

AR + FA 1.038 1.032 1.169 1.076 1.073 1.249
ARX + FA 1.005 1.001 1.339 1.012 1.010 1.337
AR + LASSO 0.958 0.960 1.117 1.044 1.046 1.196
ARX + LASSO 0.968 0.960 1.252 0.986 0.981 1.283
AR + Ridge 0.963 0974 1.108 1.044 1.041 1.199
ARX + Ridge 0.983 0.989 1.253 0.976 0.991 1.266
AR + Elastic 0.926 0.937 1.118 0.976 0.979 1.128
ARX + Elastic 0.923 0.932 1.278 0.972 0.994 1.241
AR + FA + 0.937 0.927 1.165 0.981 0.986 1.225
LASSO
ARX + FA + 0.927 0.922 1.278 0.977 0.976 1.248
LASSO
AR + FA + 0.935 0941 1.115 0.973 0.989 1.198

LASSOP
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12 YA E 22 YA AE

e SR AR SE 2R AR S
ARX + FA + 0.928 0.935 1.248 0.974 0.981 1.270
LASSOP
AR + FA + Elastic 0.912 0.928 1.164 0.988 0.998 1.245
ARX + FA + Elas- 0.948 0.925 1.261 0.971 0.971 1.276
tic
AR + FA + Elastic 0.952 0941 1.118 0.997 1.006 1.182
P
ARX + FA + Elas- 0.933 0.934 1.260 0.990 0971 1.267
tic P
AR + Ada 0.921 0.920 1.130 0.959 1.018 1.198
LASSO
ARX + Ada 0.932 0.945 1.213 0.981 0.982 1.282
LASSO
AR + Ada Ridge 0.916 0.923 1.142 0.957 1.021 1.191
ARX + Ada Ridge 0.948 0.934 1.232 0.993 0.974 1.305
AR + Ada Elastic 0.914 0.927 1.122 0.974 1.030 1.214
ARX + Ada Elas- 0.949 0.923 1.254 1.017 0.998 1.269
tic
AR + FA + Ada 0.933 0912 1.165 1.002 1.043 1.225
LASSO
ARX + FA + Ada 0.931 0.909 1.278 1.006 0.988 1.248
LASSO
AR + FA + Ada 0.938 0.938 1.115 0.961 1.039 1.198
LASSOP
ARX + FA + Ada 0.932 0.919 1.248 0.977 1.020 1.270
LASSOP
AR + FA + Ada 0.920 0952 1.164 0.996 1.039 1.245
Elastic
ARX + FA + Ada 0.927 0.909 1.261 1.002 0981 1.276
Elastic
AR + FA + Ada 0.943 0.943 1.118 0.982 1.021 1.182

Elastic P
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12 A2 E 27} hALE
wy ZIAE AR SE 2IAE AR FE

ARX + FA + Ada 0918 0919 1.260 0.991 0.996 1.267
Elastic P

F 10: A ut= 27 RMSE H| 2 (A H] A HE&E|o]H). o] B 2 Ao
3 mE A o] ATE AXse, A8 o] RMSES WAt magel

RMSE= v 275 HojEr

Table 10: COMPARISON OF RMSE WITH BENCHMARK MODEL (SERVICE DEFLA-

TOR). This table presents the results for all linear methods utilized in this study, showing

the ratio of the RMSE of each linear method to the RMSE of the benchmark model.

12} Lhe A A E 23} o AAE
Hhy ZOAE AR SE 2IAE A48 5=
AR +FA 1319 1314 1421 2175 2166 2274
ARX +FA 0981 0980 1294 0998  0.998 1.873
AR +LASSO 1014 1.003 1410 1347 1279 2253
ARX +LASSO 0950 0964 1218 0992 0992 1.802
AR +Ridge 1014 1001 1400 1347 1272 2259
ARX + Ridge 0956 0964 1231 1.039 0986 1.784
AR + Elastic 1021 0999 1395  1.050  1.034 2.033
ARX + Elastic 0993 0969 1302 1.004  1.005 1.840

AR + FA + 0.999 0.981 1.372 1.087 1.031 1.953
LASSO

ARX + FA + 0.970 0.973 1.290 1.038 1.019 1.716
LASSO

AR + FA + 0.993 0.990 1.394 1.054 1.013  1.947
LASSOP

ARX + FA + 0.964 0.967 1.314 1.021 0.995 1.786
LASSOP

AR + FA + Elastic 0.987 0.989 1.386 1.090 1.034 1.971
ARX + FA + Elas- 0.985 0.980 1.290 1.014 0.996 1.733
tic

AR + FA + Elastic 0.993 1.000 1.391 1.030 1.054 1.958
P
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12 YA E 22} YN AE
ok ZIAE AR FE 2IAE AR E
ARX + FA + Elas- 0.980 0.960 1.300 1.024 1.010 1.754
tic P
AR + Ada 0.999 1.018 1.507 1.102 1.212  2.510
LASSO
ARX + Ada 0.966 0.989 1.292 1.135 1.104 1.850
LASSO
AR + Ada Ridge 0.982 1.109 1.428 1.029 1.525 2.352
ARX + Ada Ridge 0.977 0971 1.275 1.112 1.080 1.913
AR + Ada Elastic 1.002 1.019 1.480 1.133 1.239 2.529
ARX + Ada Elas- 0.965 0.980 1.317 1.051 1.111 1.884
tic
AR + FA + Ada 0.996 1.002 1.482 1.097 1.157 2.456
LASSO
ARX + FA + Ada 0.930 0.971 1.316 1.097 1.071 1.884
LASSO
AR + FA + Ada 1.002 0.976 1.454 1.141 1.174 2.415
LASSOP
ARX + FA + Ada 0.970 0.987 1.315 1.114 1.121 1.895
LASSOP
AR + FA + Ada 1.006 1.007 1.458 1.093 1.223 2.401
Elastic
ARX + FA + Ada 0.957 0976 1.314 1.093 1.080 1.885
Elastic
AR + FA + Ada 1.006 0.978 1.451 1.158 1.210 2.356
Elastic P
ARX + FA + Ada 0.966 0.968 1.312 1.109 1.102 1.894
Elastic P
[EREEEE
AR + FA 1.290 1.283 1.406 2.117 2.112  2.267
ARX + FA 0.967 0.965 1.125 0.947 0.945 1.271
AR + LASSO 1.079 1.071 1.445 1.441 1.367 2.411
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12} Y| AE 22} YN AE
E SR AR FE IR AR 5=
ARX + LASSO 0.982 0.963 1.250 1.009 1.046 1.270
AR + Ridge 1.051 1.067 1.458 1.445 1.376  2.418
ARX + Ridge 0.994 1.001 1.224 1.053 1.022 1.284
AR + Elastic 0.964 1.016 1.540 1.054 1.068 2.021
ARX + Elastic 0.987 1.002 1.280 0.935 0.954 1.260
AR + FA + 1.064 1.062 1.567 1.111 1.077 2.132
LASSO
ARX + FA + 1.054 1.014 1.248 0.950 1.001 1.276
LASSO
AR + FA + 1.030 1.019 1.566 1.035 1.066 2.402
LASSOP
ARX + FA + 1.060 1.028 1.232 0.959 0.932 1.223
LASSOP
AR + FA + Elastic 1.033 1.012 1.549 1.105 1.071 2.115
ARX + FA + Elas- 1.084 1.016 1.281 0.981 0.968 1.292
tic
AR + FA + Elastic 1.026 1.007 1.551 1.077 1.026 2.072
P
ARX + FA + Elas- 1.075 1.008 1.262 0.925 0.931 1.208
tic P
AR + Ada 1.021 1.145 1.470 1.045 1.634 2.407
LASSO
ARX + Ada 1.007 1.017 1.231 1.055 1.020 1.349
LASSO
AR + Ada Ridge 1.029 1.135 1.487 1.044 1.638 2.434
ARX + Ada Ridge 1.035 1.002 1.209 1.025 1.084 1.343
AR + Ada Elastic 1.103 1.172  1.570 1.183 1.298 2.437
ARX + Ada Elas- 1.060 1.050 1.314 1.073 1.106 1.307
tic
AR + FA + Ada 1.075 1.042  1.567 1.002 1.206 2.132

LASSO
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12 A2 E 27} hALE
wy ZIAE AR SE 2IAE AR FE

ARX + FA + Ada 1.060 1.050 1.248 1.047 1.052 1.276
LASSO

AR + FA + Ada 1.030 1.089 1.566 1.002 1.221 2.402
LASSOP

ARX + FA + Ada 1.018 1.030 1.232 1.021 1.009 1.223
LASSOP

AR + FA + Ada 1.040 1.040 1.549 1.007 1.261 2.115
Elastic

ARX + FA + Ada 1.053 1.029 1.281 1.076 1.085 1.292
Elastic

AR + FA + Ada 1.075 1.022 1.551 1.003 1.266 2.072
Elastic P

ARX + FA + Ada 0.997 0.997 1.262 1.033 1.052 1.208
Elastic P

F 11 Wixupg K3} RMSE H| 2 (Arfjghl B Zo]H). o] #x & Ao
A Zge Be A o] 23S A A, A o] RMSES ¥l 2|up= 2o o]
RMSE=Z v A5 HojEr

Table 11: COMPARISON OF RMSE WITH BENCHMARK MODEL (RETAIL SALES DE-
FLATOR). This table presents the results for all linear methods utilized in this study,
showing the ratio of the RMSE of each linear method to the RMSE of the benchmark
model.

D. H| M5y}

EH
LLood
D.1. BY Hileld 7|Y ol &

Complete Subset Regression(CSR) CSR-2 Elliott, Gargano and Timmer-
mann (2013)9]] 2J5] A7]= GAFE(Ensemble) i O 2 & m7l|o] AHHS

ES
oNM k7S] ARl o] R0l BE Vs 282 o8t A9 4 %
5= shal o] AFA S WS HF ASAR A= Aolvt ofnt A

S0] 57h YR B A4S 2RF & 47} FH 5] Z74sk7] BhRoel(m = 24
28] T k=42 A% 12,6509 9] 2H o] M 5}), Medeiros ef al. (2021)& A7
of ZH g5 A5t -FAIRE 5t o] 9] it 2717 2 25719
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BISEHS A5 k = 45 A g5ko] CSRS AAISHAT £ Qo] A o] 2}
T

Random Forest 23 =Hg I AEX Breiman (2001)o] 28] A7 =)0
), 24 E g](Decision Tree)S 7|HFC 2 5}= Bootstrap aggregation(Bagging)
| ZroA =2 | Ast B ot Y XY AELE ZF REAEZH AlE
238} wjufch A28 AT W4s ol @ AElsit) 7 L s o]
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XGBoost g HAE.O L3217 O 2 (sequentially) SH5-2 Z13) st} ZF o] At
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Yo HEAE MBS AFEo}A] oL PR dole} v o g SAEw
A Aﬂi—r O EAGUFE ohEetth. A" -2 of g 79 ‘1.*?_} 5715 A9
o}cq/q AAA 02 of|& A58 FAA| 7] = HhAl o 7 =26t} By oyl

Z= Chen and Guestrin (2016)©] A 7[5t XGBoost(Extreme Gradient Boost-

1ng)1‘ I A E BEAES /JASH G| 02, A SHregularization) 7]
L9 Zlaho] 712 1O IE BAno] obel TS W et 5

XGBoost 2 CPU 873614 e stro] Fsatr] o] 71 438 0

2 St&5s JdtdE B Ag R w2 7| k<535 4~ gl XGBoost— ™

Ay A2 AHZ 7 A 8] (Kaggle contest)oﬂ/\1 Arol2 z}12]5h wre
glo]§ 1skztrt o] & o] g5t A ] delA Q.

_4

F A7 (Neural Network) 28 13 2.8 24 =(Hidden layer)o] & 7}
T 2}2ko] U] 719 1 E(Node) S 7H Q1414 23S Lekich

B Lo A o] &3t - F A AL B2 A 7o) &Y 3} ZF 24 F0] 32, 16,8
Mo =5 AU Ao g AAs513 o, A3} gh=(Activation function) 2+
AHHA Q1 Rectifier o5 AR8-5HS1 AL Sh45 314(Epoch)= 1000 &2 A5}l
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AA, A, el e,

Input Hidden Hidden Output
Layer Layer 1 Layer 2 Layer

1 2 A (FBE, 2025). o] TS AFANF Y| TEE HolFeh
Figure 2: NEURAL NETWORK (HAN, 2025). This figure illustrates the structure of
an artificial neural network.

LSTM &3 7]= RNN (Recurrent Neural Network) 2 3-& BPTT (Back-
Propagation Through Time) ®}A]-& AF8-5}=d)], oA u}(Back Propagation)A]
Vanishing / Exploding Gradient &4 ©jZof A| A E 9] 7] 2]Z& A (Long-Term
Dependence)& At = ¥t 5}A] o= 2HA|17F Qlok. LSTM 52 o] gHA|
£ 55| Qo A71 7195 @9t 11 33 2ol Cell State S & ¢ 5o
HEE A7)7ol A A4 2 HID 5= A *tk

LSTM R &2 4] A] 8ts5 S15=(Epoch), 3t Hlofl 2/ g o] ] 2] H.7](Batch
Size) 5] sto|H wtuEE 2L 4 =, & AFolA= o5 S5
(Epoch)E 10022, 12|11 gF Hef| H2|d Hlo]g e] = 7|(Batch Size)E 25
= AdAsta

D.2. A o= 22t

B 12-E 135 649 o5 993 2 59 o= iRt 5 o)
RMSE #]-2)& A4 @}
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Memory Cell
Cellstatet-1 .~ . Ce" SR
Output Gate /
@ ——(%) "
=N\ g N

E Forget °
| Gate
éHidden State 11 [Uj (o} (tann)

NS

Input Gate

719 3: LSTM (3t3] &, 2025). ©] 7152 LSTM 25§ H ol &}
Figure 3: LSTM (HAN, 2025). This figure illustrates the structure of a Long Short-
Term Memory (LSTM).

12 YA AE
3y ZIAE A e
Ridge 2.509 1.275 11.817
LASSO 2.497 1.291 1.456
Ada LASSO 2.509 1.291 1411
ElasticNet 2.490 1.271 1.558
Ada ElasticNet 2.498 1.280 1.506
CSR (Complete Subset Regression) 2.535 1.346 1.314
#HI EZ Y AE (Random Forest) 2.524 1.275 4.801
XGBoost 2.476 1.218 3.036
Boruta Algorithm 1.231 1.225 3.738
X177 (Neural Network) 2.530 1.326 11.094
LSTM (Long Short-term Memory) 2.791 1.473 8.635

3 12: WXk 27} RMSE B] W (AH] 2 T &8 o] ). o] 3= v g o
RMSEZS Bﬂ Al 203 23 o] RMSER U A& A A|§Het.
Table 12: COMPARISON OF RMSE WITH BENCHMARK MODEL (SERVICE DEFLA-
TOR). This table presents the ratio of the RMSE of nonlinear methods to the RMSE of
the benchmark model.
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12 YA~ E
E ZIAE AE FE
Ridge 1.556 1.553 6.560
LASSO 1.521 1.521 1.979
Ada LASSO 1.570 1.564 1.845
ElasticNet 1.518 1.516 2.063
Ada ElasticNet 1.563 1.560 1.815
CSR (Complete Subset Regression) 1.611 1.599 1.657
I EZ Y AE (Random Forest) 1.555 1.565 3.700
XGBoost 1.536 1.528 2.880
Boruta Algorithm 1.468 1.459 3.078
A1 7"} (Neural Network) 1.731 1.735 6.303
LSTM (Long Short-term Memory) 1.868 1.849 4.402

I 13: flZta 2 g3t RMSE Bl (4w #rf] oS0l E). o
HL] RMSEE #HllX|ut3 2§ o] RMSER e A= A A| gt
Table 13: COMPARISON OF RMSE WITH BENCHMARK MODEL (RETAIL SALES DE-
FLATOR). This table presents the ratio of the RMSE of nonlinear methods to the RMSE
of the benchmark model.
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