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Abstract

We have presented a nonparametric stochastic approach for the SOI{Southern Oscillation Index)
series that used nonlinear methodology called Nonlinear AutoRegressive(NAR) based on conditional
kernel density function and CAFPE(Corrected Asymptotic Final Prediction Error) lag selection. The
fitted linear AR model represents heteroscedasticity, and besides, a BDS(Brock - Dechert - Sheinkman)
statistics is rejected. Hence, we applied NAR model to the SOI series. We can identify the lags 1, 2
and 4 are appropriate one, and estimated conditional mean function. There is no autocorrelation of
residuals in the Portmanteau Test. However, the null hypothesis of normality and no heteroscedasticity
is rejected in the Jarque-Bera Test and ARCH-LM Test, respectively. Moreover, the lag selection for
conditional standard deviation function with CAFPE provides lags 3, 8 and 9. As the results of
conditional standard deviation analysis, all LLD assumptions of the residuals are accepted. Particularly,
the BDS statistics is accepted at the 95% and 99% significance level. Finally, we split the SOI set
into a sample for estimating themodel and a sample for out-of-sample prediction, that is, we conduct
the one-step ahead forecasts for the last 97 values (15%). The NAR model shows a MSEP of 0.5464
that is 7% lower than those of the linear model. Hence, the relevance of the NAR model may be
proved in these results, and the nonparametric NAR model is encouraging rather than a linear one to
reflect the nonlinearity of SOI series.
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Table 1. Determination of lag time of linear AR model

No Lag Vector AIC | No Lag Vector HQ
112 10114 | 1 | 2 1.0285
21213 08464 | 2 | 2| 3 0.8720
3711213 08158 | 3 | 1|23 0.8499
411121317 0.7821 4 11121317 0.8248
5111213147 ~ 07619 | 5 | 1| 2|34 7 0.8132
1611234710 07702 | 6 | 1| 23]4|7]|10 0.8299
7111213{4|7]|9]10 07783 | 7 | 1|2|3|4,7]| 9|10 0.8466
(112374679 10 07888 | 8 | 1]2|3]4167 9|10 0.8656
911(213|/4]/56]7]9]|10 08020 | 9 | 1|2|3|4|5|6|7|9|10 0.8874
10| 1(2(3[4/516 7|8 |9]10]0862|10]|1{2|3|4(5|/6|7]|8]9]|10]| 09101
No L.ag Vector FPE | No Lag Vector SC
112 27495 | 1 | 2 1.0534
212]3 23313 | 2 [ 2]3 0.9094
311123 22610 1 3 | 1|2]3 0.8998
4111237 21862 | 4 | 1| 2|37 0.8872
5111213147 21425 | 5 (1123|417 0.8880
611]2]3|4|7]10 21603 | 6 [ 112]| 3| 4| 7|10 09172
711123041719 110 21781 | 7 [ 11213479 |10 0.9464
8111213467 9]10 22011 | 8 | 112,3|4|6| 7|9 110 0.9779
9112|314, 5,6|71]9]10 22306 | 9 | 112|345 6 17910 1.0121
10011213/ 4}56 7189102226 }10}1)2]3/4]5]6 7 |8]|9/]10] 1.0473
Table 2. Estimation of lag time and bandwidth using the CAFPE criterion
Conditional Mean Function
No Lag Vector CAFPE Bandwidth
1 1 0.091 0.214
2 1| 4 0.093 0.273
3 1 2 3 0.116 0.319
4 1 4 5 6 0.177 0.368
5 2 13| 4] 8 10 0.264 0.757
6 2 3 4 7 8 10 0.437 0.673
7 213|416 7 3 10 0.923 0.676
8 1,23 4 6 7 10 2.714 0.640
9 213|145 6 7 8 9 10 9.559 0.700
101123 4 5 6 7 8 9 10 30.295 0.756
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4.2 Jarque and Bera Test

kel HIATFA HAL 33 431 BEHE = I
9} HEE o]83} (Lomnicki, 1961; Jarque and Bera,
1987). & ZTAHMTEEE 09 JF59 39 H=EE ot
2ez AT Y/ E o vekd ¢ ok
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= AR £ ouad 000, & 44 &
o gmES HES vehdth AYoHl A5
W EAAT 2(2) REE Geloh wek

4.3 ARCH-LM(Lagrange multiplier) Test

o] 824 (heteroscedasticity) 3L #x}2 ARCH(p)
o Aggoan shsaieh Ak wet BiHey)
| ¥3k= ARCH E32 AlF w & o oA 24H=
AYgr2 vERd 5 itk

H:I

o

D
2= w+ E el 37

i=1
4714 o)EA AAE A% e e 2k

Hy:a,=a,=0

Versus Hy : a; = 0 =<, BT a,# 0

o] AFA TFRsIA FALAA(Eq (37)¢]
ZARASF R°2 49

ARCH i (p)=T(R 2) (38)

F

Hlo|®Ade] ARl FA=E A (Engle, 1982),
EAXNE x(p) EZE melof i)

4.4 BDS(Brock - Dechert - Sheinkman) Test

BDS Test+ Brock et al.(1991), Brock et al.(1997)
and Kim et al.(2003) S0l oJsixdednl 9lom o
wE o HAY 72 -4 545 Hrlsh) A% s
1 Bt BDS A= v Eq. 9% 2
AHHEOZHEY FAHT

£)= [Ci(e)]™}/ b, (39)
ANA C,(e) & ARAL) e %

T B

e

tio

H39% 129 2006 12A

b, < Embedding Dimension m o] w}-& BDS F7% €]
EFHUAE YeRdth 11D AF7HEE Foid ¢ 3
m> 1] A, C,(e)=le; ()] e] 0d o 7124 5
gich

5. LSESKIS

Lo ?Oﬂf‘it 1950‘3 E1 2004“37}744 é o9l ‘#

’“5&-7‘:71]?1}31
ANAGY EAE B
%347‘]—1— ATHAIn and Kim,

P B ATolA AAE v
v 72 NAR 53% v w kgt #4el ekA SOl

AEE7] {8 Wavelet Trans-
form& AAde] Fig. 4o YehAATE 71 Fsk
Wavelet Power7} 2-8d F9lollA] Yehta e &
A 4= glom HZof Adristel 108 o) A=
o] BAe] ZstAl Vehta vt 9% 1E-S Wavelet
Power 2¥E#®S Yehfin QEZS F7]d wE ¥
T Wavelet Powerg YEHTE F7& AL A2 B%
A 2T YERATE 7]4 Morlet Wavelet and Zero
Padding & ©]-€3l4tHTorrence and Compo, 1998).

PERIOD (

TIME (YEAR) POwER

Fig. 4. Continuous Wavelet Transform analysis of
Southern oscillation Index

6. M& AR 2¥

o]d Aol A Chuet Katz(1985)+= SOIE ARMA E
&o] A-28}93.2n Akaike Information Criteria (Akaike,
1973)2 o]&3le ARMA(L7:1) 28-S AEsisn. o

714 109 Yuls XA 13 AA) 79 o)&F AL
uishy & XA 2-69 AFEx E¥A AAET
2ol ¥4¥ ARCH R uvjmshr] i Ahnid
Kim(2005)2 z2g o2 ARMASH B astsich

SO #ge] AF HAABAA AEALE AAT
Anomaly ARE ARSI & A-folMs NAR 29

3 wme] Exom SO AEE  A¥ AR
(p’.“’pma.xoptimum) ‘6‘30“ 146]- }\]ﬁ OD:‘ }\“2% 63% _?'1
1005



g AR A 4H] IRes FESHATE S,
AIC (Akaike, 1973), HQ (Hannan and Quinn, 1979), SC
(Schwarz, 1978; Rissanen, 1978), #IX|=o g FPE
(Akaike, 1969)& °]-&3t%ith Table 32 AAAIZF Z2H
AE et AIC, FPESF HQ7F 22 AAA TR
AEEAT =, AR(D, Dy Py s 5 D) &2 FAEANLH
Rhd, SCE= AR(p,p) & #AH AAAReR FH31Y
o} AICe} HQ7F SCrHtt ddid ez 2 ghg Jeld

2 olg3jo] molg sk
Fig. 62 el 92egss dehinl 4
gulE 2n 98e Qe

EZ 2o 11D 7Hde #lahr] fAsiA

o M

<& AAISe] Table 401 YERIR oA p= F3H BA
x9] &S ovsly wekA prl 0.1 e 005 ol
g YeRA =9 AR 1A EA "ok F 40

A zAe] w7 g3 e AT E els

7 9lon] FPE B8 59 AR Hxe xgow  AAL eu o4 7Pl AA 8dA 74E 1
AASIL domz # ATFNME ARG, by Pypy b)) HEE HUT T AT
Table 3. Determination of lag time of the linear AR model

No Lag Vector AIC No Lag Vector HQ
1|1 -0.3615 | 1 |1 -0.3562
2 |12 -04392 | 2 |1 2 -0.4312
3 11|23 -04449 | 3 | 11 2| 3 -0.4342
4 | 1| 2] 3(10 -04502 | 4 | 1| 2| 3|10 -0.4368
511} 2] 35|10 -04530 | 5 | 1] 2| 3|5 |10 -0.4369
6 | 1] 2] 3]5|8]|10 -04526 | 6 | 1| 2| 3| 5|8 110 -0.4339
71112345810 -04502 | 7 | 112/ 3145|8110 -0.4289
8 | 1|2/ 314 |5|6]|8]10 -0.4476 | 8 | 1|23, 4|5,6|8]|10 -0.4236
9 (123456 7]|8:10 -04448 | 9 | 112134 |5 |6 |7|8]|10 -0.4181
101123/ 4|5|617|8j9(10|-04418| 10 1|23/ 4|5 |6 ]|7]|8]9|10]-04124
No Lag Vector FPE | No Lag Vector SC
111 0.6966 1|1 -0.3478
2 112 106445 | 2 | 1] 2 -0.4185
3 (1] 2)3 06409 | 3 [ 1| 213 -0.4173
4 11121310 06375 | 4 | 1|2} 310 -0.4157
51123 5]10 06357 | 5 | 1| 23| 510 -0.4117
6 | 1|2 3|5|8]|10 0€360 | 6 |11 23] 5| 8110 -0.4043
7 1112 3/4|5]|8]10 06375 | 7 | 112134 |51| 8|10 -0.3951
8 1123/ 4|516|8]10 06391 | 8 112|314 |5|6|8]10 -0.3857
9 1|2/ 34|56 |7]|8]10 06409 | 9 |11 2|34 |5|6]|7!8]10 -0.3759
10117234 |5|6|7|8|9|10,06429 | 10 11234 |5|6]|78]9]10|-03661

o= [— o.8

i SO = B AN I BRI = oo — B

0:20 3 6 JRIRE 15 18 21 b o.a

[ race
o R - e 0z \
I e e B O
o2 3 6 ‘la 15 18 21 e ! J ) I )
-3 -2 -1 [e] 1 2 3

Fig. 5. Autocorrelation function (ACF) and partial
autocorrelation function (PACF) of the
residuals in the linear AR model
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Fig. 6. Kernel density function of the
residuals in the linear AR model
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Table 4. Results of the goodness fit test of the linear AR model

Null of Null of Null of
Portmanteau Test Hypothesis Jarque~-Bera Test Hypothesis ARCH-LM Test Hypothesis
Port | 83730 Test Statistic | 5 599
Accepted | Test Statistic| 4.145 (Lag:4) Accepted
P —vValue| 09370 P —value 0.061
Accepted Test Statisti
L&B | 25.410 oSt STUSUC |\ 160907
Accepted P —Value 0.126 (Lag:8) Rejected
P —Value| 0.9321 P —value 0.0384

Table 5. Results of the BDS test of the linear AR model

EmbeddingDimension SOIL Null of Hypothesis ] Null of Hypothesis
a=0.01 2=005 | =001 | a=005 | Residul a=0.01 a=0.05
m=2 25.873 Rejected Rejected 2.519 Accepted Rejected
m=3 28.459 Rejected Rejected 3.799 Rejected Rejected
m=4 31518 Rejected Rejected 4276 Rejected Rejected
m=3 34.096 Rejected Rejected 3.981 Rejected Rejected

kx|t o 2 Brock et al.(1991)0] A|A)1g BDS HAARE
r=0.50 %} Embedding Dimension 2914 53 i os

7. Nonlinear Autoregressive Model

Z748te] Table 59 UEHATE BAAT} wjg 2 A% AR 29 WA o SOlE HIdESA
S ez glon waa, xmel vAdEAo]l &)t S 28T e 2Ye] st webA NAR 2¥
o Bolg - qrh o SOIZ Heslgon SMAge ek Felshw
Table 514 LLDS] AFIHLL 0629 9069] 212 B Ath 1) 2R AANRL 2) =% Bt
Tl A1 AH 5 glow Web ARGy pypypsopy) B T, ) AR B4, ) ek At olgabd e
o] HHo RyPow MEHIAT SO HHFLES UehiA =8 248 28 49 A2 A
FHAoZ ulde & glom HNPHL 1T 4 9) & st "tk Fig. 72 SOI ¥A2¢] PACFE
= mae) Was A vebdnh 29eA »5e) SO AxE 2 AAE %
T 2o A Aoz €.
0.8
B T
06
04F
02
0 T = I——Il_l =
0.2 | | | | | | | | | | | |

0 3 6 9 12 15

Fig. 7. Partial Autocorrelation Function (PACF) of Southern Oscillation Index
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Table 6. Determination of lag time of the conditional mean function in the Nonlinear AR model

Conditional Mean Function
No Lag Vector CAFPE Bandwidth
1 1 0.5818 0.7343
2 1 2 0.5270 0.6785
3 1 2 4 0.5135 0.7050
4 1 2 3 4 0.5311 0.7989
5 1 2 3 6 8 0.5681 0.8353
6 1 2 3 4 8 10 0.6200 0.8839
7 1 2 3 4 5 8 10 0.7069 0.8793
8 1 2 3 4 5 6 7 8 0.8272 0.9135
9 1 2 3 4 5 6 7 8 10 1.0804 0.9396
10 1 2 3 4 5 6 7 8 9 10 1.9418 0.9337

CAFPEE °]83ld 753 AAA Y] 28E HE
oz FHH AA VectorE 4 F k. £ o
FolAE Ad AA 108 3= 1049 e A
Vector 3% AESH O™ Table 60 At ek
ol #4343 A 1, 29 45 zhe Z2FlA 7
2 s YeEa gloeH ol EdiE xHRAA 1
7 29 PYFI4E 2435} Figs. 8 and 99 JEIR
th aelA vldggel EAFES I F don
53], XA 29 44 e v AdSs vehdx gith

Agd 205 Hagre] AgHE Fristy] s
A Aol tldt HAE AA s e gk 57
/& Portmanteau TestollA 7]ZtE Ao v Bd 3 o]
ol&itA el tigk AF ML 27 Jarque-Bera Testt
ARCH-LM Testel A 71zt itk FARTHE A 8&

Conditional Mean

Function
0-0.5 0.0 0.5 7.0 1.5

Estimated

_2.5-2.0-1.5-1

Fig. 8. Conditional mean function between lag-1
and lag—2
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Z+e Jarque-Bera Test9b ARCH-LM Testoll Al pgto]
Z}z} 0.022¢F 00475 Yehdia it} tiSo] CAFPEE
o] g3ty ZAF FEFAAFEY AH Veciorg F4
3 A3} 3 83 98 zte ZHo] HHY nyog MH
Eof olEAHgo]l EAE L UeE o] & W AT
I ANeH Table 79 FHARE YRS weba
FHY AAANTS EvR AR ZFAALTEE 33
3l Figs. 10 and 1191 Yepgl e 7t 9jx gy
AT 4 STk

Table 8o Zxpe] A7) daAd, A,
g ARARE AASITE A dig = D
7hge] e s AT F Ytk upA ez
Fatel] v EAE AES] s BDS AAS A4
3to] Table 99 WERQITE Zbatel] dig 11D 78 =

rin
—

Conditional Mean
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Fig. 9. Conditional mean function between lag—2
and lag-4
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Table 7. Determination of lag time of the conditional standard deviation function in the Nonlinear AR model

Conditional Standard Deviation Function

No Lag Vector CAFPE Bandwidth
1 4 0.4940 0.6215
2 3 9 0.4886 0.6964
3 3 8 9 0.4856 0.7560
4 3 4 3 9 0.5085 0.7696
5 3 4 6 9 10 0.5483 0.7776
6 1 3 5 6 8 9 0.6254 0.8427
7 1 2 3 4 8 9 10 0.7471 0.9203
8 1 2 3 5 6 8 9 10 0.9857 0.9199
9 1 2 3 4 5 6 8 9 10 1.3990 0.9080
10 1 2 3 4 5 6 7 8 9 10 2.8263 0.9232

Conditional Stand. Dev. Conditional Stand. Dev.
N

.52 39

32 3

E"“. ég

N 3

39 e

N £

4 83

Fig. 10. Conditional standard deviation Fig. 11. Conditional standard deviation
function between lag 3 and lag 8 function between lag 3 and lag 9

Table 8. Results of the goodness fit test of the nonlinear AR model

Null of 5 Null of 5 Null of
Portmanteau Test Hypothesis Jarque-Bera Test Hypothesis ARCH-LM Test Hypothesis
Port | 19.6032 Test Statistic | 5700
Accepted | Test Statistic | 5.1992 (Lag4) Accepted
P —vValue| 0.2386 P —Value 0.4354
Accepted T —
L&B | 19.8560 est Statistic | 5a69
Accepted P —Value 0.0743 (Lag8) Accepted
p -Value 0.2268 p -Value 0.0722
T ARTUB% el WAL som Y 2 Aol By AYAE ke A P
& NAR Z¥o] SO AR &AL Xddted o S 2 One-Step d=< A3t ¥l w333t} One-Step
T3 St Utk G&L ol& b j AAEAMA AAE y, FH

H39% 129 20065 12A 1009




Table 9. Resuits of the BDS test of the nonlinear AR model

EmbeddingDimension SOI Null of Hypothesis Null of Hypothesis
o =001 a=005 | =001 | a=00s5 | residud
m=2 25.873 Rejected Rejected 1.3266 Accepted Accepted
m=3 28.459 Rejected Rejected 1.4974 Accepted Accepted
m=4 31518 Rejected Rejected 1.7729 Accepted Accepted
m=>5 34.096 Rejected Rejected 2.0230 Rejected Accepted
Yo, 41 Yr,45 7P BHEAHOE 55 FYHA HH A= o 53] BDS HANA A7 9%5%)

Eq. (40)8] HTA|F4l& 23 Mean Squared Prediction
Error, MSEP)E 71 1L =432 FHrlelgrh

T,
_ 1 0+] ~ )
Ferror - T . TO ] E (y] y] ) (40)

i=Touy

J2& M AES Estd AR 15%E
dEtider d&g Ao NAR EoA
054649 MSEPE YWeRHIL glom ol M3 AR =
Holl vj8) 7% 2 2 &S Urhdth FoRTE NAR
B oete] wiziHaa] e D‘El Eﬁé«l éiEHOH
Aoy ARG HAFEL S
A1 SOI #A&gk 22 H|A1d X]'E—‘ Hfs Eel t,’.,ﬂ 2
Ay 2y visf st sl

U =3rel CAFPE A A Al
7 ARE EoE B4 E 237 23 (Nonlinear
AutoRegressive, NAR)S o]-&3F u|u/|¥igd =84
Ad  2epg AXEch A"E d™d AR
(P1>P2:P3:P5: P10) 2L Axtol] st v 7|84
I AgAel 7pE e dolso XL}
A&& ARCH-LM Testoll 4] g13 4 AL Bl Lo,
ad%de] BDS BAAA FAHUTE ol Ho|
Ahn and Kim (2005)7 Z<& Z3E Jehdt
uhebA B)ujZE<E2 NAR 28 SO A58 44
o 208 Jadeo] disiA CAFPEE ©] &3}
o 1, 29} 48 HAY A A VectorZ2 FA3ATE Y
BIHzEAb g v AT o do] &l Ak

R
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T 3
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