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Abstract

In this paper, various time series analysis models and machine learning models are presented for
long-term prediction of export growth rate, and the prediction performance is compared and reviewed
by RMSE and MAE. Export growth rate is one of the major economic indicators to evaluate the
economic status. And It is also used to predict economic forecast. The export growth rate may have
a negative (-) value as well as a positive (+) value. Therefore, Instead of using the ReLU function,
which is often used for time series prediction of deep learning models, the PReLU function, which
can have a negative (-) value as an output value, was used as the activation function of deep learning
models. The time series prediction performance of each model for three types of data was compared
and reviewed. The forecast data of long-term prediction of export growth rate was deduced by three
forecast methods such as a fixed forecast method, a recursive forecast method and a rolling forecast
method. As a result of the forecast, the traditional time series analysis model, ARDL, showed
excellent performance, but as the time period of learning data increases, the performance of machine
learning models including LSTM was relatively improved.
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Table 5. RMSE (CIO[E|:HHEAS7|CHHIZ7HE)

Root Mean Squared Error

VAR ARDL AR DNN L,\SAT MLP  KNN ﬁ\rllz g\éﬁ PolSngmi
ar al
Fixed 17.0528 7.1235™* 8.3281™* 8.4747* 8.9270 9.8627 11.0093 8.8074 8.4776 17.9592
Recursive+!  7.5954™* 6.9950"* 16.2473 8.7642 8.2457* 8.8236 9.7532 8.4890 8.3158 15.6412
Recursivet6  7.6364™ 7.0401** 16.4587 8.7878 85912 9.3325 10.6043 8.6218 8.4039" 16.3821
Rolling+1 7.4539™ 6.8902"** 16.3155 8.4847 8.8155 8.6134 9.6166 8.1377 8.1209" 15.6412
Rolling+6 7.4840 6.9222 16.5537 8.6660 8.9760 10.8587 10.4913 8.2688 8.2028" 16.3821
** The most precise ** The secondly precise * The thirdly precise
Table 6. MAE (El|O|E{:AST|HHIETI2))
Mean Absolute Error
VAR ARDL AR@ O ST M kW i otR pﬁ?ﬁo
r mial

Fixed 14,2498 57998 6.8245™ 7.0989 6.9976* 7.9529 8.7745 7.4501 7.0211  16.0711
Recursive+1  6,0568™ 5.6825* 14.2232 7.3449 6.1683" 7.1532 7.8404 7.1498 6.8773  14.0631
Recursive+6  6.0897** 57089 14.4209 7.3442 6.1669" 7.6645 8.6388 7.2704 6.9701  14.7290
Rolling+1 5.9367 5.6244* 14,2888 6.9793 6.9733 6.9052 7.6035 6.7931 6.6212* 14,0631
Rolling+6 5.9583 5.6442"* 145139 7.2561 6.8890 8.3326 8.4052 6.9091 6.7031* 14,7290
*** The most precise ™ The secondly precise * The thirdly precise

& WEb ™, Recursive+12 7-3FeH of| 4] RMSE) &2 pRrolgrolr £ 34E et
1710 gk d&S FPEAE AfolH, lﬁMﬁ‘r

Recursive+6& TF7FEAH A t+67]l] 8l
&g owlgitt, ¥ Rolling+1e 71+0]
SHAA 17]e] gk dF5E FHFISS
oJu)al ™, Rolling+6L 7ol FH oA t+67]
of gt &g FstS Lerdtt
E5-B60A AEF7IdvIE7HE HolHE
33 FAHE St A=A digk RMSES}
MAE X7} 7F @& B2 ©=3t= ARDL ¢l
ZAoR AT, thgoez 3¢ g,jow
= AR(2)9} DNN(with RMSE)°o] &< 79,.5}
B, 7 2 ol s oA
o] 2 A¥4E YR #al 2
T 3, LSTM(with MAE)S 77t 4w 2 271
SN A 2 67] el FE S
H 31, SVR RBFE TR (67] ¢S, with

r-1m rlr

-1,1_
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FE8ollA A7IehnlF

Z7hg dolEl s o

> 4% d&x)9} AZ=x]¢ thgt RMSES} MAE
F27} 7P e BA &= ARDL ¢ Aeg
golzglth, teo g FHaAHAME ARQ)

o] =& @ﬂt

£ wew, P L 73

ol EHellM= VAR ¥ o= UEh itk

wAl ey 24

T
A= 1Y

=T 3, LSTM(with RMSE)&
9 A (17] )M 22
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SAHO7] ddF) 9 FREelEHAN T2 A
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Root Mean Squared Error

SVR
KN  SVR SVR
VAR  ARDL AR(2 DNN LSTM MLP N  Linear RBF Pz}l?g}o
Fixed 5.6828 4.2919™* 5.0366™ 5.4059 5.2563" 5.5367 5.8122 53113 53260  5.6225
Recursivet!  4.4348™ 4.2828"™ 506814 5.3890 5.0447* 53760 5.8994 53169 53283  5.6346
Recursivet6  4.4385" 4.2830"*  5.6822 5.3602 55092 5.4504 5.9030 5.3133" 53237  5.6384
Rolling+1 4.3558™ 4.2168"™"  5.6767 5.3629 5.3554 5.4767 5.5361 5.3163* 53189  5.6346
Rolling+6 4.3567"" 4.2137"  5.6773 5.3739 5.5369 6.0175 5.5488 5.3067°  5.3161  5.6384

** The most precise ** The secondly precise * The thirdly precise

Table 8. MAE (HIO|E|:M7|LiH|SIIE)

Mean Absolute Error

SVR
SVR SVR
VAR ARDL  AR(2) DNN LSTM MLP KNN Linear RBF Pﬁ:{'ﬂo
Fixed 44068 3.4240™ 3.9275 4.1646 3.9983" 4.2463 4.5049 4.0975 4.1059  4.2934
Recursive+!  3.4922™ 3.4179™ 44282 41738 3.7239" 42120 44860 4.0960 4.1070  4.3197
Recursive+6  3.4873"™ 3.4165™ 4.4286 4.1307 3.9649" 4.2192 44705 4.0947 41120  4.3264
Rolling+1 3.4268™  3.3740 44214 44213 4.0027" 42082 4.3194  4.0961 4.0964  4.3197
Rolling+6 34171 3.3694™ 44216 41479 42004 4.5710 4.3133 4.0886" 4.1006  4.3264

** The most precise ** The secondly precise * The thirdly precise

Table 9. RMSE (H|O|E{:2 IXH2Z})

Root Mean Squared Error

SVR

LST SVR  SVR .

VAR ARDL AR(2 DNN M MLP  KNN Linear RBF Polyar:oml

Fixed 0.0576 0.0440* 0.0509"* 0.0562 0.0570 0.0546 0.0586 0.0539" 0.0541 0.0577
Recursive+1  0.0452" 0.0440*  0.0575 0.0572 0.0535" 0.0598 0.0603 0.0540 0.0539 0.0579
Recursive+6  0.0452" 0.0440*  0.0575 0.0604 0.0545 0.0525" 0.0602 0.0539  0.0540 0.0579
Rolling+1 0.0446™ 0.0436™  0.0575 0.0579 0.0469" 0.0554 0.0557 0.0539 0.0538 0.0579
Rolling+6 0.0446™ 0.0435™  0.0575 0.0546 0.0505" 0.0548 0.0559 0.0539 0.0537 0.0579

Hkk

The most precise ** The secondly precise * The thirdly precise

Table 10, MAE (GiIO|E|:21X}=232})

Mean Absolute Error

SVR
SVR  SVR
VAR ARDL AR(2 DNN LSTM MP KNN Linear RBF Polg;om
Fixed 0.0439 0.0343* 0.0384™ 0.0432 0.0437 0.0418 0.0446 0.0409 0.0409 0.0435
Recursive+!  0.0344™ 0.0344™*  0.0440 0.0423 0.0397* 0.0451 0.0452 0.0409 0.0402 0.0437
Recursive+6  0.0344™ 0.0344™*  0.0440 0.0467 0.0419 0.0419 0.0446  0.0409 0.0404* 0.0436
Rolling+1 0.0343 0.0343™  0.0440 0.0455 0.0353" 0.0425 0.0424 0.0408 0.0402 0.0437
Rolling+6 0.0342"* 0.0342*  0.0440 0.0402 0.0374~ 0.0425 0.0425 0.0408 0.0404 0.0436

*kk

The most precise ™ The secondly precise * The thirdly precise
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Table 11. ARDL vs HXl2{d RMSE H|w(HIO|E|:2IXH23})

A2 0|88 £ 718 W3 A% v

205

Root Mean Squared Error Ratio of ARDL and Machine Learning Models

S™ g ABE ™ lnewr Rer ™ lnear Rer
Fixed 1.2975 12257 12317 13068 1.2285 1.2401 13024 1.2635  1.3290
Recursive+1 12165 12262 12246 13004 1.2278 1.2401 12746 1.2560 1.2671
Recursive+6 1.2401 12264 12281 13417 12306 1.2420 1.2744 12505 1.2631
Rolling+1 1.0775 12374 12339 1.2214 12530 1.2537 1.3413 1.2660 1.2750
Rolling+6 11607 12385 1.2358 1.2097 1.2527 1.2568 1.3271 1.2660 1.2777
Table 12. ARDL vs M4I12{d MAE H|u(HIO|E{:2IXH22E)
Mean Absolute Error of ARDL and Machine Learning Models
80's 90's 00's
S | mae ST i w0 | e e
Fixed 1.2735 11932 11931 12805 1.2048 1.2126 1.2737  1.2531  1.3461
Recursive+1 1.1525  1.1870  1.1686 12298 11978 11912 1.2618 1.2371  1.2560
Recursive+6 1.2196  1.1890 11770 12758 12040 1.2053 1.2852 1.2356  1.2562
Rolling+1 1.0312 11917 11723 11613 12183  1.2210  1.3980  1.2407  1.2587
Rolling+6 1.0955  1.1948 11819 11826 12225 1.2373  1.3484 1.2433  1.2643

Table 13. ARDL vs LSTM RMSE H|ul(Ci|O|E:21X}232))

Root Mean Squared Error Ratio of ARDL and LSTMs

80's RMSE Ratio(LSTM/ARDL
LSTM LSTM ARDL LSTM LSTM
PReLU ReLU PReLU ReLU
Fixed 0.0570 0.0547 0.0440 1.2975 1.2450
Recursive+1 0.0535 0.0546 0.0440 1.2165 1.2402
Recursive+6 0.0545 0.0570 0.0440 1.2401 1.2952
Rolling+1 0.0469 0.0499 0.0436 1.0775 1.1443
Rolling+6 0.0505 0.0519 0.0435 1.1607 1.1926
Z¥kA o 2 ARDLo| ©o]E] FHel 77 A RMSE ¥ MAE & ®lash= 2l 3519
A ol Addgle] £ AFE Hel R T} ARDL®| RMSE ¥ MAE #t-2 801t (1982
FEsh], waled B4 =7 FolA AdiF W 05EHE 2014 129704 2] BE A8 E
o3 F2 ARE e B4 =7 4y 283 o =7)7H2015d 01€5E 20199 12
(LSTM, SVR Linear, SVR RBF)E A A3} 7} ¥) Eoto] ke VFoz mAsIgon, #Al

B wFo] RMSE % MAE %3 ARDLE]

2ld #4 =7+ RMSE 2 MAE

L=—NeR
===

9
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