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1 Uvod

Ustrednou témou predloZenej dizertaénej préce je spektralna analyza. Spektrdlna ana-
lyza bola metéda primarne vyvinutd a aplikovana vo vedach ako geofyzika, astronémia,
meteoroldgia, ale svoju tlohu zohrala aj pri digitdlnom spracovani signalu. Az neskor sa
pouzila aj pri analyzovani casovych radov, teda nasla svoje uplatnenie aj v ekonometrii.

Vlastnosti ¢asovych radov sa v ekonometrii popisuju prevazne pomocou metdd zalo-
zenych na Casovej Struktire dat. Spektralna analyza poskytuje iny pohlad na vlastnosti
casovych radov a pomdha analyzovat’ a riesit' také otdzky aplikovanej ekonémie ako
identifikdcia trendu a sezénnosti ekonomickych ¢asovych radov, stiidium medzindrod-
ného hospodarskeho cyklu a analyza vzajomnej interakcie casovych radov.

Nerlove v [3], ako prvy, pouziva frekvencny pristup pri rieSeni problému sezénneho
oCistenia, teda prva aplikdcia spektrdlnej analyzy v ekonometrii sa datuje do polovice
60-tych rokoch minulého storocia. Detailnejsi prehl'ad literattry o aplikdcidch spektral-
nych metdd v ekonometrii pontka samotnd dizerta¢na praca v kapitole 3.
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Obr. 1: Rozklad dvoch casovych radov.

Obrazok [1] graficky popisuje zdkladnu intuiciu spektrdlnej analyzy pre dva simu-
lované procesy. Prvy graf predstavuje vysokofrekven¢né komponenty zodpovedajtce
kratkodobému casovému horizontu. Druhy graf znazornuje komponenty prislichajtce



k horizontu tzv. hospodarskeho cyklu a komponenty zodpovedajiice dlhodobému caso-
vému horizontu si zobrazené na trefom obrazku. ZlozZenie tychto komponentov vytvdra
konecny casovy rad graficky znazorneny na poslednom obrazku. Spektrdlna analyza
takto ziskany Casovy rad rozlozi na po6vodné casové rady, z ktorych vznikol.

Spektrdlna analyza sa zaoberd skimanim cyklickych zloziek dat a jej hlavnym cie-
Fom je rozlozit pévodny casovy rad na sucet periodickych funkcii s frekvenciou w z
intervalu od 0 do w. Tato zdkladna premisa spektrdlnej analyzy je popisana vo vete
o spektrdlnej reprezentdcii: kazdy kovarian¢ne stacionarny proces {Y;}° _ moze byt
vyjadreny ako

Yi=p+ /a(w).cos(wt)dw + /ﬁ(w).sin(wt)dw,
0 0
kde w je frekvencia zodpovedajuca ¢asovému horizontu T a prislusné vahy a(w) a 5(w)
su ndhodné premenné. To znamend, ze Y; je periodicky proces s frekvenciou w resp. s
periddou T.



2 Ciele

V dizertacnej praci sa zaoberame analyzou a rieSenim niekol'kych otazok a problémov,
ktoré st spojené so spektralnou analyzou. Hlavné ciele prace mo6zeme zhrnat do nasle-
dujucich bodov:

e Predstavit jednorozmernt spektralnu analyzu ako metéddu vhodnu aj pre modelo-
vanie ¢asovych radov. Obozndmit Citatela s hlavnou myslienkou spektralnej ana-
lyzy a jej zakladnymi pojmami, ako spektrum, periodogram. Popisat metddy pre
odhad spektra.

e Predstavit vektorovu spektralnu analyzu a s nou suvisiacu krizovu spektralnu ana-
lyzu a popisat’ suvisiace pojmy ako dynamickd koreldcia, kohézia a krizovd kohézia.

e Odvodit teoretické hodnoty spektra pre autoregresné procesy prvého a p-teho
radu, pre procesy kllzavjfch priemerov prvého a g-teho rddu a pre ARM A procesy.

e Pouzit Monte Carlo simuldcie s ciefom zistit, ktord z popisanych metéd odhadu
spektra je najpresnejsia.

e Pouzitim krizovej spektrdlnej analyzy (aplikdcia dynamickej koreldcie a kohézie)
odhalit, aky velky vplyv ma Cina na hospodarsky cyklus vybranych OECD krajin.



3 Dosiahnuté vysledky

3.1 Monte Carlo analyza

V predlozenej dizerta¢nej praci sme sa pomocou Monte Carlo simuldcii snazili néjst
odpoved na otdzku, ktord metdéda pre odhad spektra je najvhodnejsia. Ako kritérium
presnosti sme pouzili ukazovatel mean squared error (MSE).

Podstatou Monte Carlo simuldcii je replikacia skuto¢nych dat pomocou experimentu
na zdklade zndmych vlastnosti procesu. Takto definovani Monte Carlo metéddu prvykrat
pre ucely vyskumu pouzili v 40-tych rokoch 20. storoc¢ia Neumann, Ulam a Richtmyer

(4.

3.1.1 Pojem spektra a metddy jeho odhadu

Podstatou spektralnej analyzy je vypocet funkcie spektrdlnej hustoty (spektrum). Pre

kazdy staciondrny Casovy rad {Y;}° __ so strednou hodnotou p a s autokovarianciami

— 00

{7;}22_., sa spektrum definuje ako

j=—00

1 - Wy
—_ Lo W]
Sy (w) = o Z e D
j=—00
Existuju dva typy metdd — parametrické a neparametrické metdédy odhadu spek-
tra. Podstata parametrickych metdd je zalozena na fakte, ze kazdy linearny process je
mozné aproximovat pomocou autoregresného procesu p-teho radu, AR(p), v tvare

Yi=pu+ oY1+ + oY+ ey,

kde 1 je jeho strednd hodnota a ¢, je biely Sum. Parzen v [5] ako prvy popisal paramet-
ricki metddu pre odhad spektra.

Medzi parametrické metédy odhadu patri autoregresivna a Yule-Walker metdda. Roz-
diel medzi tymito dvomi metddami spociva len v odhade parametrov autoregresného
procesu (¢1, ¢a, . . ., ¢,), ktory aproximuje analyzovany casovy rad.

Spektrum je mozné odhadnut aj pomocou periodogramu, kde sa teoretické hodnoty
autokovariancii nahradia realnymi hodnotami vypocitanymi z odhadovanych dat.

1 T-1
G =gr 2 e @)

j=—T+1
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Periodogram ako metdda pre odhad spektra ma vsak urcité nevyhody, preto sa ako
neparametrickd metédda odhadu pouziva vylepSend verzia. Spektrum sa odhaduje ako
vazeny priemer hodnoty periodogramu. Existuje niekol'ko spésobov ako urcit prislusné
vahy. Jeden z najznamejsich spésobov je tzv. Bartlett okno. Potom neparametricky od-
had spektra s pouzitim Bartlett okna mézeme definovat’ ako

h .
)= 5-f 3 (1= M)}, @
j h

J==

kde h, sirka pdsma, predstavuje velkost prislusného okna. Existuju, a pri Monte Carlo
simuldcidch sme pouZili, aj iné metody pre Skdlovanie vdh:

o Tukey: k¥ =05+ 0.5cos () |j|<h
e Parzen (de la Valle-Poussin):
1= 6(3)" +6(4)° prell <4
w=120-4)  prei<li<h
0 inak

e Blackman: r; = 0.54 + 0.5 cos (22) + 0.08 cos(27L) 17l < h

3.1.2 Simulované procesy

Pre Monte Carlo simuldcie sme si zvolili jedenast roznych procesov, ktoré zastupuju
rozne vlastnosti ¢asovych radov. Pouzili sme devéat autoregresnych procesov s roznymi
stupniami voInosti a dva ARMA procesy.

e Model 1: AR(5) Y; = 0.5Y;_1 — 0.6Y;_5 + 0.3Y;_3 — 0.4Y;_4 + 0.5Y;_5 + &
e Model 2: AR(2) Y; = 0.7Y;_1 — 0.5Y;_y + &,

e Model 3: AR(2) Y, = 0.6Y;_1 — 0.9Y, 5 + &

e Model 4: AR(1) Y; =0.9Y; 1 +¢&;

e Model 5: AR(1) Y; = —0.9Y;_; + &,

e Model 6: AR(1) Y; = 0.5Y, 1 +¢&;

e Model 7: AR(1) Y; = —0.5Y,_1 + &



e Model 8: AR(1) Y; = 0.1Y;_; + &

e Model 9: AR(1) Y; = —0.1Y, 1 + &

e Model 10: ARM A(2,4)Y; = 0.5Y;_;—0.6Y;_o+&;+0.3;_1—0.45;_2+0.55;_3—0.8¢;_4
e Model 11: ARMA(2,1) Y, = 0.75Y;_1 — 0.3Y;_5 + &; + 0.25¢;_;

g, v popisanych modeloch je biely Sum. Tieto modely si vhodné vd’aka ich jednodu-
chosti a sticasnej roznorodosti spektier, kotré predstavuju. Graf |2| znazornujuci teore-
tické spektra simulovanych procesov potvrdzuje, Ze relativne podobné ndhodné procesy
mozu mat velmi odlisné spektrum.
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Obr. 2: Grafické zndzornenie teoretického spektra simulovanych procesov.



3.1.3 Zavery vyplyvajice z Monte Carlo simulacii

Monte Carlo metédu sme aplikovali pre paramatrické aj neparametrické metédy od-
hadu spektra pre rozny pocet pozorovani a pre rozny pocet simuldcii. Vysledky simulé-
cif si uvedené v tabulkach 1] a

Aby sme zistili, ktord z popisovanych metdd pre odhad spektra je najpresnejsia rea-
lizovali sme pre jedendst’ definovanych procesov Monte Carlo simulécie pre r6zny pocet
pozorovani. Tabulka |2 popisuje vysledky ziskané Monte Carlo simuldciami so simulo-
vanymi casovymi radmi, ktoré maju 100 pozorovani, teda zavery z nich plynuce su
relevantné pre kratke casové rady, ako napriklad HDP eurdpskych krajin. Vysledky v
tabulke 1| zodpovedajua ¢asovym radom s 1000 pozorovaniami a teda koreSponduju s
¢asovymi radmi s vysokou frekvenciou ako st napriklad ceny akcii. Z oboch tabuliek
je zrejmé, Ze véetky metédy sd presnejsie s rasticim po¢tom pozorovani. Cim vyssi je
pocet pozorovani, tym nizsie si hodnoty MSE. Tuto vlastnost sme vyuzili v publikacii

[1].

3.5

Theoretical

—— Bartlett window

I 1 Yule-Walker p=2
Yule-Walker p=4
—— Yule-Walker p=5

Obr. 3: Porovnanie teoretického spektra AR(5) procesu s parametrickymi a neparamet-
rickymo odhadmi spektra.

Tabulky (1| a |2 taktieZ dokazuju, Ze pre odhad spektra autoregresnych procesov su
najvhodnejsie parametrické metddy, ked'ze su zalozené na skutotnom autoregresnom



procese. Na druhej strane, odhad spektra ostatnych procesov je najpresnejsi pouzitim
neparametrickych metéd. Vacsinou ale nevieme, o aky proces ide a vo vSeobecnosti sa
snazime aproximovat autoregresny proces p-teho rddu mensou hodnotou p. V takomto
pripade parametrické metddy uz nie st tou najlepsou volbou. Ak rad autoregresného
procesu je podhodnoteny, neparametrické metody st presnejSie ako parametrické aj v
pripade autoregresnych procesov.

Napriklad, ak pre odhad spektra modelu 1, ktory je generovany s 1000 pozorova-
niami, pouZzijeme neparametricki metédu s Bartlett oknom, MSE nadobuda hodnotu
0.03749 pre 1000 simulécii. Ak odhadneme sprdvne p a pouzijeme Yule-Walker pa-
rametricki metédu, MSE bude rovné 0.00005. Ak vSak pouZijeme p = 4, MSE pre
Yule-Walker metédu rapidne vzrastie na 0.20283. Preto odporucame pouzit radsej ne-
parametrické metddy pre odhad spektra, ked'Ze existuje tendencia podhodnotit sku-
tocny rad procesu. Toto tvrdenie odvodené na zdklade numerickych hodnét potvrdzuje
aj obrazok |3 ktory porovnava teoreticki hodnotu spektra modelu 1, neparametricky
odhad a Yule-Walker odhad pre skuto¢né a podhodnotené p.



50 simulacii

1000 simulacii

MSE: MSE: MSE: MSE: MSE: MSE: MSE: MSE:
All Long-run  Bus. cycle  Short-run All Long-run  Bus. cycle  Short-run
freq. freq. freq. freq. freq. freq. freq. freq.

Model 1
Periodogram 0.08350  0.04698 0.02875 0.10921  0.00574  0.02531 0.00258 0.00508
Bartlett window 0.03953  0.00028 0.00763 0.05631  0.03749  0.00025 0.00663 0.05365
Parzen window 0.06254  0.00046 0.02198 0.08508  0.06084  0.00050 0.02054 0.08309
Blackman window  0.05107  0.00035 0.01873 0.06916  0.04942  0.00037 0.01708 0.06734
Yule-Walker (p=4) 0.20702  0.04008 0.03579 0.29271  0.20283  0.04103 0.03402 0.28703
Yule-Walker (p=5) 0.00051  0.00007 0.00012 0.00070  0.00005 0 0 0.00007
Yule-Walker (p=6) 0.00056  0.00011 0.00013 0.00078  0.00005 0 0 0.00007
Model 2
Periodogram 0.03147  0.02051 0.07581 0.01467  0.00330  0.01682 0.00513 0.00121
Bartlett window 0.00071  0.00007 0.00138 0.00051  0.00038  0.00010 0.00076 0.00025
Parzen window 0.00045  0.00005 0.00091 0.00031  0.00021  0.00001 0.00045 0.00013
Blackman window  0.00035  0.00008 0.00072 0.00023  0.00012 0 0.00028 0.00007
Yule-Walker (p=1) 0.05931  0.08335 0.10787 0.03732  0.05973  0.08802 0.10824 0.03734
Yule-Walker (p=2) 0.00001 0 0.00005 0 0 0 0 0
Yule-Walker (p=3)  0.00002 0 0.00005 0.00001 0 0 0.00001 0
Model 3
Periodogram 1.53702  0.01827 0.09371 2.27040  0.04625  0.00254 0.00675 0.06654
Bartlett window 1.21715  0.00195 0.03217 1.81611 1.19968  0.00195 0.03335 1.78937
Parzen window 1.87384  0.00001 0.08020 2.78387  1.86305  0.00001 0.08212 2.76689
Blackman window  1.59698 0 0.04330 2.38266  1.58550 0 0.04490 2.36477
Yule-Walker (p=1) 7.92833  0.05775 0.07966 11.87779  7.92835  0.05792 0.07969 11.87779
Yule-Walker (p=2) 0.01157 0 0 0.01739  0.00501 0 0 0.00753
Yule-Walker (p=3) 0.01104 0 0 0.01660  0.00397 0 0 0.00597
Model 4
Periodogram 4.77922.  68.04026  0.89933 0.05569  3.91819 59.19012  0.01039 0.00015
Bartlett window 0.47835  6.97138 0.06272 0.00055 0.41142  5.99943 0.05295 0.00054
Parzen window 0.63578  9.02762 0.14383 0.00001  0.57711  8.17921 0.13436 0
Blackman window  0.51465  7.38711 0.09685 0 0.45695  6.55595 0.08673 0
Yule-Walker (p=1) 0.00965  0.14519 0.00016 0 0.00059  0.00874 0.00005 0
Yule-Walker (p=2) 0.01240  0.18717 0.00007 0 0.00066  0.00979 0.00003 0
Yule-Walker (p=3) 0.01195  0.18025 0.00009 0 0.00080  0.01200 0.00002 0
Model 5
Periodogram 1.21151  0.00194 0.00264 1.81955  0.07349  0.00157 0.00053 0.11008
Bartlett window 0.33744  0.00016 0.00021 0.50704  0.31610  0.00016 0.00022 0.47496
Parzen window 0.52058 0 0 0.78238  0.50069 0 0 0.75250
Blackman window  0.40270 0 0 0.60523  0.38154 0 0 0.57343
Yule-Walker (p=1)  0.00389 0 0 0.00584  0.00062 0 0 0.00093
Yule-Walker (p=2)  0.00265 0 0 0.00398  0.00072 0 0 0.00108
Yule-Walker (p=3)  0.00098 0 0 0.00148  0.00103 0 0 0.00154
Model 6
Periodogram 0.02087  0.16724 0.02538 0.00449  0.00668  0.09143 0.00167 0.00028
Bartlett window 0.00003  0.00025 0.00004 0.00001  0.00009  0.00100 0.00004 0.00001
Parzen window 0.00001  0.00001 0.00003 0 0.00002  0.00032 0.00001 0
Blackman window  0.00001 0 0.00003 0.00001  0.00002  0.00025 0 0




50 simulacii 1000 simulacii

MSE: MSE: MSE: MSE: MSE: MSE: MSE: MSE:
All Long-run  Bus. cycle  Short-run All Long-run  Bus. cycle  Short-run
freq. freq. freq. freq. freq. freq. freq. freq.

Model 6
Yule-Walker (p=1) 0.00007  0.00071 0.00009 0 0 0.00001 0 0
Yule-Walker (p=2) 0.00006  0.00051 0.00008 0 0 0.00004 0 0
Yule-Walker (p=3) 0.00006  0.00060 0.00008 0 0 0.00004 0 0
Model 7
Periodogram 0.02620  0.01131 0.00414 0.03658 0.00099  0.00124 0.00010 0.00133
Bartlett window 0.00006  0.00001 0.00002 0.00008 0.00009  0.00001 0.00001 0.00013
Parzen window 0.00001 0 0.00001 0.00001 0.00002 0 0 0.00003
Blackman window  0.00001 0 0.00001 0.00001 0.00001 0 0 0.00002
Yule-Walker (p=1) 0 0 0 0 0 0 0 0
Yule-Walker (p=2) 0.00001 0 0 0.00002 0 0 0 0
Yule-Walker (p=3)  0.00001 0.00001 0 0.00001 0 0 0 0
Model 8
Periodogram 0.00666  0.00994 0.00833 0.00566 0.00096  0.00927 0.00053 0.00031
Bartlett window 0.00002 0.00010 0.00002 0.00001 0 0.00002 0 0
Parzen window 0.00001 0.00008 0.00002 0.00001 0 0.00001 0 0
Blackman window  0.00001 0.00008 0.00002 0.00001 0 0.00001 0 0
Yule-Walker (p=1) 0 0 0 0 0 0 0 0
Yule-Walker (p=2) 0 0.00002 0 0 0 0 0 0
Yule-Walker (p=3)  0.00001 0.00002 0.00001 0 0 0 0 0
Model 9
Periodogram 0.00897  0.00497 0.00627 0.01045 0.00066  0.00457 0.00036 0.00039
Bartlett window 0.00001 0.00002 0.00001 0.00001 0 0.00001 0 0
Parzen window 0.00001 0.00002 0.00001 0.00001 0 0.00001 0 0
Blackman window  0.00001 0.00003 0.00001 0.00001 0 0.00001 0 0
Yule-Walker (p=1) 0 0 0 0 0 0 0 0
Yule-Walker (p=2) 0 0 0 0 0 0 0 0
Yule-Walker (p=3) 0 0 0 0 0 0 0 0
Model 10
Periodogram 0.05834  0.00622 0.09791 0.04755  0.00469  0.00103 0.00843 0.00354
Bartlett window 0.00244  0.00113 0.00217 0.00268 0.00251 0.00133 0.00233 0.00270
Parzen window 0.00202 0.00016 0.00073 0.00272 0.00217  0.00023 0.00094 0.00286

Blackman window  0.00128  0.00006 0.00035 0.00177  0.00140  0.00011 0.00054 0.00187
Yule-Walker (p=4) 0.07847  0.00024 0.08107 0.08520  0.07823  0.00025 0.08120 0.08479
Yule-Walker (p=5) 0.06982  0.00059 0.08719 0.06969  0.06996  0.00060 0.08723 0.06988
Yule-Walker (p=6) 0.06909  0.00026 0.08740 0.06854  0.06938  0.00026 0.08751 0.06894

Model 11

Periodogram 0.08749  0.78633 0.11059 0.00870  0.01246  0.15385 0.00709 0.00057
Bartlett window 0.00044  0.00138 0.00098 0.00012  0.00024  0.00054 0.00049 0.00011
Parzen window 0.00019  0.00060 0.00050 0.00002  0.00006  0.00014 0.00014 0.00003

Blackman window  0.00018  0.00075 0.00044 0.00002  0.00005  0.00019 0.00010 0.00002
Yule-Walker (p=2) 0.00318  0.01500 0.00672 0.00058  0.00370  0.01628 0.00841 0.00054
Yule-Walker (p=3) 0.00037  0.00152 0.00094 0.00003 0.00029  0.00124 0.00066 0.00005
Yule-Walker (p=4) 0.00008  0.00005 0.00022 0.00002  0.00001 0 0.00004 0

Tabulka 1: Monte Carlo pre 50, 500, 1000 simulécii a 1000 pozorovani - MSE
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50 simulacii

1000 simulacii

MSE: MSE: MSE: MSE: MSE: MSE: MSE: MSE:
All Long-run  Bus. cycle  Short-run All Long-run  Bus. cycle  Short-run
freq. freq. freq. freq. freq. freq. freq. freq.

Model 1
Periodogram 0.07680 0.05077 0.03570 0.09597 0.00611 0.03866 0.00258 0.00431
Bartlett window 0.18166 0.00637 0.03269 0.25920 0.17190 0.00320 0.04268 0.24082
Parzen window 0.23057 0.01221 0.05258 0.32409 0.22386 0.00837 0.06511 0.30933
Blackman window  0.21447 0.01217 0.04916 0.30128 0.20704 0.00803 0.06159 0.28552
Yule-Walker (p=4) 0.19061 0.03596 0.02654 0.27219 0.17833 0.03586 0.02678 0.25365
Yule-Walker (p=5) 0.01206 0.00047 0.00036 0.01793 0.00385 0.00005 0.00025 0.00569
Yule-Walker (p=6) 0.01028 0.00032 0.00030 0.01530 0.00367 0.00007 0.00030 0.00538
Model 2
Periodogram 0.02689 0.03155 0.04073 0.02085 0.00353 0.03440 0.00300 0.00068
Bartlett window 0.00468 0.00064 0.00845 0.00356 0.00423 0.00024 0.00808 0.00307
Parzen window 0.00737  0.00165 0.01448 0.00507  0.00685  0.00126 0.01351 0.00472
Blackman window  0.00565 0.00077 0.01108 0.00394 0.00520 0.00046 0.01030 0.00361
Yule-Walker (p=1) 0.05948 0.08331 0.10834 0.03739 0.06006 0.08980 0.10887 0.03742
Yule-Walker (p=2) 0.00068  0.00008 0.00171 0.00033  0.00008  0.00013 0.00023 0.00001
Yule-Walker (p=3)  0.00039 0.00020 0.00051 0.00036 0.00004 0.00025 0.00004 0.00002
Model 3
Periodogram 0.13326 0.03758 0.08216 0.16339 0.01763 0.00701 0.00898 0.02217
Bartlett window 4.32891  0.01185 0.47422 6.31350  4.19225  0.01137 0.60690 6.05461
Parzen window 5.09816 0.00106 0.73727 7.36455 4.99989 0.00050 0.90908 7.14759
Blackman window  4.83196 0.00054 0.70902 6.97592 4.72699 0.00015 0.88227 6.74829
Yule-Walker (p=1) 7.92840 0.05657 0.07943 11.87811 7.92844 0.05702 0.07952 11.87808
Yule-Walker (p=2) 0.89473 0.00002 0.00010 1.34467 0.43179 0.00001 0.00003 0.64893
Yule-Walker (p=3) 0.84859 0.00007 0.00022 1.27527 0.37888 0.00001 0.00004 0.56941
Model 4
Periodogram 5.62807  84.05082 0.20739 0.01894 4.92395  74.20600 0.05500 0.00093
Bartlett window 2.63809  38.39422 0.35625 0.00412 2.67420 38.92272 0.36026 0.00424
Parzen window 3.21719  45.54613 0.76028 0.00044 3.23834  45.88031 0.75651 0.00052
Blackman window  2.97147  42.05257 0.70647 0.00017 2.99602 42.43527 0.70345 0.00023
Yule-Walker (p=1) 0.10726 1.59167 0.00733 0.00001 0.04589 0.67705 0.00412 0
Yule-Walker (p=2) 0.10404 1.53530 0.00923 0.00001 0.04884 0.73109 0.00178 0.00001
Yule-Walker (p=3)  0.09924 1.48681 0.00331 0.00001 0.04824 0.72263 0.00161 0.00001
Model 5
Periodogram 0.55980 0.00284 0.00440 0.83929 0.00867 0.00370 0.00067 0.01239
Bartlett window 1.96617 0.00110 0.00261 2.95384 2.04645 0.00109 0.00276 3.07443
Parzen window 2.71299 0 0 4.07741 2.78580 0 0.00001 4.18684
Blackman window  2.44001 0.00002 0 3.66715 2.51014 0 0 3.77255
Yule-Walker (p=1) 0.03431 0 0 0.05156 0.06367 0 0 0.09569
Yule-Walker (p=2) 0.01630 0 0 0.02449 0.06705 0 0 0.10077
Yule-Walker (p=3)  0.02232 0.00001 0 0.03354 0.06853 0.00001 0 0.10299
Model 6
Periodogram 0.01565 0.15812 0.01477 0.00184 0.01058 0.15178 0.00164 0.00016
Bartlett window 0.00230 0.02425 0.00233 0.00011 0.00149 0.01578 0.00121 0.00018
Parzen window 0.00204  0.02053 0.00231 0.00010  0.00133  0.01339 0.00138 0.00011
Blackman window  0.00180 0.01855 0.00199 0.00006 0.00107 0.01126 0.00105 0.00007
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50 simulacii

1000 simulacii

MSE: MSE: MSE: MSE: MSE: MSE: MSE: MSE:
All Long-run  Bus. cycle Short-run All Long-run  Bus. cycle  Short-run
freq. freq. freq. freq. freq. freq. freq. freq.

Model 6
Yule-Walker (p=1) 0.00009  0.00121 0.00004 0 0.00003  0.00033 0.00003 0
Yule-Walker (p=2) 0.00007  0.00044 0.00008 0.00002 0.00005  0.00052 0.00004 0.00001
Yule-Walker (p=3) 0.00015  0.00035 0.00040 0.00002 0.00013  0.00157 0.00006 0.00002
Model 7
Periodogram 0.01069  0.00449 0.00330 0.01429 0.00066  0.00207 0.00008 0.00076
Bartlett window 0.00101  0.00005 0.00024 0.00142 0.00063  0.00001 0.00012 0.00090
Parzen window 0.00105 0 0.00006 0.00155 0.00066  0.00001 0.00001 0.00099
Blackman window  0.00083 0 0.00005 0.00122 0.00045  0.00002 0.00001 0.00067
Yule-Walker (p=1) 0.00006  0.00001 0.00001 0.00009 0.00003  0.00001 0.00001 0.00004
Yule-Walker (p=2) 0.00015 0 0 0.00023 0.00004  0.00001 0 0.00006
Yule-Walker (p=3) 0.00018  0.00003 0.00001 0.00027 0.00010  0.00002 0 0.00015
Model 8
Periodogram 0.00506  0.02225 0.00554 0.00316 0.00140  0.01820 0.00038 0.00014
Bartlett window 0.00009  0.00040 0.00002 0.00008 0.00003  0.00027 0.00002 0
Parzen window 0.00006  0.00018 0.00004 0.00006 0.00001  0.00013 0.00002 0
Blackman window  0.00007  0.00021 0.00004 0.00006 0.00001  0.00015 0.00001 0
Yule-Walker (p=1)  0.00001 0 0 0.00002 0.00001  0.00008 0.00002 0
Yule-Walker (p=2)  0.00003 0 0.00001 0.00004 0.00002  0.00014 0.00002 0.00001
Yule-Walker (p=3)  0.00005 0 0.00003 0.00007 0.00005  0.00029 0.00003 0.00003
Model 9
Periodogram 0.00782  0.01472 0.01385 0.00471 0.00077  0.00761 0.00020 0.00032
Bartlett window 0.00003  0.00002 0.00006  0.00003 0.00001  0.00006  0.00001 0
Parzen window 0.00003 0 0.00002 0.00003 0.00001  0.00005 0.00001 0
Blackman window  0.00003  0.00001 0.00002 0.00003 0.00001  0.00007 0.00001 0
Yule-Walker (p=1) 0.00001  0.00002 0.00001 0 0.00001  0.00002 0.00001 0.00001
Yule-Walker (p=2) 0.00003  0.00010 0.00002 0.00002 0.00001  0.00003 0.00001 0.00002
Yule-Walker (p=3) 0.00004  0.00017 0.00003 0.00003 0.00003  0.00007 0.00001 0.00004
Model 10
Periodogram 0.06113  0.06863 0.13005 0.03257 0.00198  0.00590 0.00228 0.00148
Bartlett window 0.01861  0.01389 0.01306 0.02133 0.02409  0.01349 0.02351 0.02538
Parzen window 0.03727  0.01916 0.03629 0.03947 0.04225  0.02043 0.04679 0.04258
Blackman window  0.02907  0.01106 0.02481 0.03258 0.03384  0.01247 0.03406 0.03588
Yule-Walker (p=4) 0.06673  0.00027 0.06338 0.07469 0.07474  0.00031 0.08161 0.07937
Yule-Walker (p=5) 0.05820  0.00064 0.06580 0.06085 0.06603  0.00082 0.08688 0.06411
Yule-Walker (p=6) 0.05575  0.00028 0.06267 0.05848 0.06483  0.00037 0.08604 0.06268
Model 11
Periodogram 0.05091  0.44330 0.06518 0.00615 0.02080  0.29008 0.00515 0.00034
Bartlett window 0.00419  0.01135 0.01074 0.00084 0.00353  0.01152 0.00757 0.00111
Parzen window 0.00353  0.00345 0.01031 0.00080 0.00298  0.00216 0.00776 0.00112
Blackman window  0.00269  0.00381 0.00783 0.00051 0.00218  0.00267 0.00549 0.00079
Yule-Walker (p=2) 0.00238 0.01482 0.00420 0.00041 0.00278  0.01660 0.00540 0.00034
Yule-Walker (p=3) 0.00095 0.00108 0.00315 0.00004 0.00078  0.00092 0.00247 0.00009
Yule-Walker (p=4) 0.00086  0.00088 0.00290 0.00003 0.00018  0.00017 0.00055 0.00003

Tabulka 2: Monte Carlo pre 50, 500, 1000 simulacii a 100 pozorovani - MSE
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3.2 Cina versus svetova ekonomika
3.2.1 Dynamicka korelacia a kohézia

Zakladnym pristupom pri skimani synchronizdcie ekonomickych premennych je ko-
relacna analyza. Klasicka korelacia medzi dvomi ¢asovymi radmi je najbeznejsim kri-
tériom miery synchronizacie. Ma vsSak niekolko nevyhod, ktoré redukuje jej rozsirena
verzia, tzv. dynamickd koreldcia.

Nech X; a Y; st dva staciondrne procesy s prisluSnymi spektrami sy (w) a sy (w) a
¢y x(w) je kospektrum medzi nimi. Potom dynamickt koreldciu medzi premennymi X,
a Y; mozeme definovat ako:

Cyx(w) ‘
Sx(w)sy(w)

Croux et al. v [2] prvykrat pouzil pojem kohézia ako mnohorozmerné rozsirenie

Py x (W) = 4)

dynamickej korelacie v tvare

Zi;&j WiW; Py, y; (w)
Zi;ﬁj W;w;

kde Y; = (Yy,...,Y,) je vektor n > 2 premennych a w = (wy,...,w,) je vektor véh.

coh, (w) =

: )

Zo samotnej definicie kohézie vyplyva, Ze coh, (w) = 1 prave vtedy, ak premenné Y; su
dokonale korelované o frekvencii w.

3.2.2 Analyza dynamickej korelacie medzi Cinou a OECD krajinami

Nasim ciefom v druhej Casti dizertacnej prace bolo pomocou krizovej spektralnej ana-
lyzy zistit’, aky velky vplyv ma Cina na hospodérske cykly v rozvinutych krajinach
OECD.

Z obrazku 4, ktory graficky znazorfiuje dynamickd korelaciu medzi Cinou a kraji-
nami OECD, je zrejmé, Ze v dlhodobom ¢asovom horizonte dosahuji najvysie hodnoty
korelacie neeurdpske krajiny ako USA, Kérea ¢i Novy Zéland. Pre strednodoby ¢asovy
horizont prevladajui zaporné hodnoty dynamickej koreldcie. Iba Kérea a Dansko dosa-
huju pre vsetky frekvenie kladné hodnoty, ¢o potvrdzuje zdvery plyntce z Shin a Sohn
([71) a Sato a Zhang ([6]).

Kohézia, rozsirenie dynamickej koreldcie, predstavuje ndstroj ako zistit mieru synch-
ronizacie v rdmci definovanej skupiny premennych. Preto je vhodnym néstrojom pre

13



0.6 0.6 086 086

04 Austria 04 Belgium 04 \/\Denmark 04 Germany
02 0.2 02 0.2
; ) N\ . . /N

02l | 02 02 \\ 02 —~/

-0.4 04 -0.4 -04

o @16 w3 w2 T 0 @16 w3 w2 T 0 /16 w3 w2 k3 0 16 w3 2 n
06 06 06 06
04 Spain 04 Finland 04 France 04 —UK

02 /\_/\/ 02 02 02
0 0 0 0

02 / 02 02 / o N/ \/\

04 0.4 04

0 @6 w3 72 T 0 w16 w3 2 p 0 w16 w3 w2 n o 16 LA n
06 0.6 06 06
04 Italy 04 Netherlands 04 Portugal 04 Sweden
02 02 0.2 02 /\/

0 0 0 0
02 02 02—~ T~ 02 /\/
0.4 -0.4 -0.4 -0.4

0 @16 w3 w2 n 0 w16 w3 w2 P 0 @16 3 w2 T 0 w16 w3 w2 n
06 06 0.6 06

Switzerland Norwa

04 ! 04 Turkey 04 Israel 04 y
0.2 02 \ 0.2 0.2

0 0 0 0
-0.2 -0.2 -0.2 -0.2
-0.4 04 04 -04

o W16 3 w2 Ed 0 16 w3 w2 n o @16 w3 w2 n 0 716 w3 w2 k4
06 0.6 06 06
04 —USA 04 Canada 04 Japan 04 Australia

o.z ~ /~/\/ ovz oz o.(z) N\
02 \/ 02 /\/ \ 02 \/\/ 02 \\/ \/—

04 -0.4 -04 04
0 @16 3 72 n o W16 w3 w2 T g w6 3 72 T o w16 3 w2 T
06 0.6 06
04 New Zealand 04 Mexico 04 Korea
0.2 \ 02 02 \
0 S 0 0
-0.2 -0.2 0.2
04 04 -0.4
0 w16 3 w2 T 0 w16 3 w2 T 0 w16 3 w2 T

Obr. 4: Dynamicka koreldcia medzi Cinou a vybranymi krajinami. Zvyraznené oblasti
zodpovedaju frekvencidm hospodarskemu cyklu.

studium synchronizacie hospodarskych cyklov. Obrazok [5| graficky znazornuje kohéziu
vybranych regiénov. Vidime, Ze krajiny OECD (okrem Japonska a Kérei) vykazuju naj-
vacsiu kohéziu pre vsetky frekvencie, ¢o potvrdzuje skutocnost, Ze krajiny OECD maju
vysoky stupen synchronizacie hospodarskych cyklov.

Na druhej strane, troveii synchronizacie medzi Cinou, Kéreou a Japonskom pre
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frekvencie hospodarskeho cyklu je blizka nule. Ale naopak, azijské krajiny dosahuji
pre kratkodobé frekvenie najvyssiu hodnotu kohézie spomedzi sledovanych skupin.

| —Europe i
0.45 EU
0.40- e \NOFIA il
+—OECD
0.35[- ——China-Korea-Japan -

0 /16 /3 n/2 b
Frequency

Obr. 5: Kohézia hospodarkych cyklov pre vybrané regiony, 1992-2006.

Nase vysledky ziskané pomocou aplikacie dynamickej korelacie a kohézie potvr-
dzujt $pecidlne postavenie Ciny vo svetovej ekonomike. Zd4 sa, #e krajiny, ktoré maju
intenzivnejie ekonomické a finanéné vztahy s Cinou (napr. Japonsko, Kérea a USA),
maju tiez vyssiu dynamicku korelaciu s ¢inskou ekonomikou, predovsetkym v dlhodo-
bom casovom horizonte. Vzajomna zavislost medzi hospodarskym rozvojom ostatnych
vyspelych krajindch OECD a Cinou je v$ak vo véeobecnosti pomerne mald. Vynimkou je
kratkodoby c¢asovy horizont, pre ktory mnohé krajiny vykazuju vysoku korelaciu.
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4 Summary

In presented thesis we performed extensive analysis of methods of spectrum estimation.
The main question of this thesis was to evaluate which method of spectrum estimation
is more precise.

First of all, we find that the all methods are more precise with an increasing number
of observations. A higher the number of observations is associated with lower values of
mean squared error. This characteristic we use in the [[1] where we apply the spectral
analysis for stock prices.

The parametric methods, in our case Yule-Walker method, is the best estimator for
autoregressive processes. But for other processes, the non-parametric methods with
windows are more precise. The sharp peaks in spectrum for different examined proces-
ses cause the problem during the estimation for both types of method.

The estimations with Bartlett or Blackman window have a lower variance and MSE
in comparing with the results estimated with Parzen window or the periodogram. The
periodogram achieves the higher variance among the examined method. Therefore the
quality of the periodogram estimate can be improved by an appropriate selection of the
windows.

However, usually we do not know the true data generating process. Mostly, the real
time series are approximated by autoregressive processes. In general, there is the ten-
dency to underestimate the order of the autoregressive process. Real time series have
more complex structure, therefore we recommend to use the non-parametric methods
smoothed by the Blackman or Bartlett window because they are better estimator of
spectrum for autoregressive processes with underestimate value of order.

Then we use the knowledge of dynamic correlation and cohesion and we apply our
finding from Monte Carlo analysis to illustrate the impact of China and globalizations
on business cycles in the developed OECD countries.

We show that the interdependence between the economic development in China
and in developed economies is generally relatively small. However, many countries
show a high correlation of the short-run fluctuations. Many transnational companies
use China as a part of their production chain, and this is especially true for the other
Asian countries. In turn, most countries show a negative correlation with China for
the traditional business cycles (cycles with periods between 1.5 and 8 years). It seems
that countries, which have more intensive economic and financial relationships with
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China, have also higher dynamic correlation with Chinese economy. This seems to be
especially true for the long-term developments

In sum, our results confirm a special position of China in the world economy, alt-
hough the countries having already intensive trading relationships with China (e.g.
Korea, Japan, and the USA) have also more similar cycles with China over all frequ-
encies. Despite the increased trade links between the countries, Chinese business cycle
remains in general rather different from the rest of the world.
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