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V.

Moving average proces prveho radA(1)
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Simulované data z predchadzajucej kap.

Correlogram of X4

Cate: 09/14/41 Time: 10:30
Sample: 1 200
Included observations: 200

Autocorrelation Fartial Correlation AC PAC Q-Stat Prob

E— === -0.578 -0.578 67.767 0.000
I A E= 0.134 -0.300 71.426 0.000

(- -0.077 -0.247 ¥2.631 0.000

C 0.072 -0.120 73.703 0.000

B -0.093 -0.172 75453 0.000
(092 -0.079 ¥7.270 0.000
-0.059 -0.072 78.006 0.000
0.028 -0.162 78.172 0.000
0016 -0.178 78.229 0.000
0.056 -0.081 78.903 0.000
-0.026 -0.028 79.052 0.000

-0.025 -0.072 73188 0.000
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o AR(p) proces - ACF rychlo klesa (monotdonne alebo
oscilujuco), PACF sa po p hodnotach rovna nule

e tu je to v podstate naopak nebude to AR proces
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Realne data s podobnou ACF

Ben VogelvangEconometrics. Theory and Applicationswith EViews. Pearson Education
Limited, 2005.

Chapter 14.7. - The Box-Jenkins Approach in Practice

o Mesa&neé data, januar 1960 - september 2002

e pcocoa; - cena kakaa, zlogaritmujeme a kvoli
stacionarite budeme pracovat s diferenciami
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Realne data - pokt@vanie

e Odhadnuta ACF:

Correlogram of D{LOGPCOCOA)

Sample: 1960M01 2002M09
Correlogram of LOGPCOCOA Included observations: 512

Sample: 1960M01 2002M09

Included observations: 513 Autocorrelation Partial Correlation AC  PAC Q-5tat Prob
Autocorrelation AC | = 1 0313 0313 50303 0.000
1 EL 2 -0.012 -0122 50382 0.000
=== 1 po90g 1| 1 3-0.007 0.040 50405 0.000
=—=1| 2 0975 i 1|1 4 0.010 -0.003 50452 0.000
=——=1| 3 096 i i 5 -0.035 -0.043 51.101 0.000
E===1| 4 (955 | i 6§ 0.000 0032 51101 0.000
I 5 (.944 i gl 7 -0.043 -0.067 52087 0.000
== 5 0934 Il p 8 0.017 0.062 52235 0.000
E===1| 7 (924 I I 9 0.071 0.045 54.862 0.000
| | g (915 Ji D 10 0.097 0066 59751 0.000
== g ga0s il Il 11 0.018 -0.026 59.930 0.000
== 10 0394 ! |1 12 .0.012 -0.007 60.012 0.000
| | 11 0882 | |1 13 0021 0.013 60.247 0.000
— L R i r 14 -0 N RN BN RAN N AN

- 7 y . . ’
o Logaritmy - ACF klesa velmi pomaly- typicke pre

data, ktore treba zdiferencovat (presnejSie neskor)

o Diferencie logaritmov tedna vyrazne nenulova
autokorelacia, ostatné skoro nulové
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Priklad z prvej prednasky

o Nechu, Je biely Sum, definujeme
Tt = Up + Ut—1
o Vypocitali sme:
Elx;] =0, Var[z] = 207

o>  prer =1

Covlws, wrir| = { 0 prerT =23

1/2 pre T =1

Corlzs, Tiir] = { 0 prer =223

e ACF je nulova prer = 2,3, ... - presne ta vlastnost,
ktoru potrebujeme
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Zovseobecnenie - MA(1) proces

o Nechu, Je biely Sum, potom

p+ up — Pur—q
sa nazyvemoving average proces prveho radu - MA(1)
 Woldova reprezentaciay =y + Y2 tjus—;
MA(1) proces:y = 1,91 = —5,¢; =0prej =2.3, ...
e Momenty a ACF:
Elzy] = p, Varlz] = (14 3%)0°

—Bo? pre 7 =1
C : —
ovlt, Tt1] { 0 preT =2.3,...

p _
— preT =1

Cor|zs, x — 1+52
7t, Tt { 0 preT =2.3,...
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MA(1) proces - priklady

1. Nechu, je biely Sum s rozdeleninv(0, 4), definujme
1

Tt = Ut + §Ut—1

Potom:E[z;] =0, Varlz] = (1+(1/2)?) x4 =5
1/2
= 2/5 =1
Cor[xt, $t+7] _ 1+1/4 / pre 7
0 preT =2.3,...

2. Nechu; je biely Sum s rozdeleninv(0, 1), definujme

Yt = Ut + 2Uup—1

Potom:F|y:] =0, Varjy] =(1+4)x1=5
2

— =2/5 rer =1

Corlyt, Ye+r| = { e / i

0 preT =2.3,...
Procesyr; ay; maju rovnaki ACF— nedaju sa rozlisit
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MA(1) proces - zovseobecnenie prikladu

o Majme MA(1) proces, t.|. ACF tvaru

B _
— preT =1
Cor|xe, x — 1+52
zt, Tter) { 0 preT =2,3,...

» Predpokladajme teraz, ze mame danu hodnotu
p1 = p(1) a chceme z nej spatneditr koeficient s, t.).

B
P1 = 11 3

0.5 /—/—J T
o' Of i
10 20 30 40 50

0
B

= (0 =7
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MA(1) proces - zovseobecnenie prikladu

» Méme teda rovnicy = — 15 = 32+ L3+ 1=0

0.6

0.4 o - o
/K
0.2 : : b

0

-0.2

-0.4

S e S S R R
— dve rieseniad;, 3o, sgnaju 5,8, = 1.

e Procesy

1
Ty = p+up — Bug—1, T =+ U — SU—1

. o
maju rovnaku ACF

o Ak chceme jednozr@nu parametrizaciypotrebujeme
dodat d'alSiu podmienku.
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Invertovatelnost’ procesu

o Budeme sa snazifapisat’ proces v tvare AR{):

Tt = [b+ U + Y101 + Yoxy o +P3wr-3 + ...

- ak sa to da spravitproces sa nazyva invertovatelny
o Pre MA(1) proces:

vy = p+(1—pBL)wy
(1-BL) 2 = (1— L) ptu

(1 — BL)~! existuje preés| < 1, vtedy
(14+BL+ L2+ .. oy = p/(1 = B) +w

Ty + Bri—1 + BPai_o+ ... =p/(1 = ) +
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MA(1) - invertovatelnost procesu

o Dostali sme tedaodmienku invertovatelnosMA(1)
procesuij| < 1
o Iny zapis tejto podmienky:

o mame proces; =y + (1 — SL)uy

o koren polynébmul — gL je1/s

o podmienka invertovatelnosti teda hovori, ze kore

1 — 8L = 0 musi byt v absolutnej hodnote vsi
ako 1, tedanimo jednotkovéeho kruhu
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MA(1) - vypocet PACF

o Pripomaéme si vSeobecny vzorec;

det

(1) Prr =

det

\ p(k—1) p(k—2) ... 1)

o Pre MA(1) proces j@(k) =0 prek =2,3,...
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MA(1) - vypocet PACF

o PACF sa (narozdiel od AR procesu) nevynuluje:

®11 = p(1)

det 1 p(1) dot 1 p(1)
p(1) p(2) ) p(1) 0  —p(1)?

Do = = =
det ! p(1) det ! p(L) Lo
(1) 1 p(1) 1
1 p(1) p(1) L p(1) (1)
det [ p(1) 1 p(2) det [ p(1) 1 0
o2 (1) p(3) 0 p(1) 0 H(1)?
b33 = = = 5
1 p(1) p(2) 1 p(1) 0 1 =2p(1)
det | p(1) 1 p(1) det [ p(1) 1 p(1)
p(2) p(1) 1 0 p(1) 1
5, —p(1)*

(1 —p(1)2)% — p(1)2
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MA(1) - vypocet PACF - priklad

» Pre proces; = u; + su;—1 Sme vypd@itali:
p(1) =2/5, p(k)=0(k=2,3,...)
o PcCitajme teraz PACF:

®11 = p(1)=2/5
det ! p(1) det ! 2/5
p(1)  p(2) 2/5 0 —4/25
Q22 = = 21/25 = —4/21
det( ! p(1) ) det( ! 2/5 )
p(1) 1 2/5 1
1 p(1) p(1) 1 2/5 2/5
det | p(1) 1  p(2) det| 2/5 1 0
A p2) p(1) p(3) J 0 2/5 0 _8/125 _ 8/85
1 p(1) p(2) 1 2/5 0 17/25
det | p(1) 1  p(1) det | 2/5 1 2/5
p(2) p(1) 1 0 2/5 1
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MA(1) - vypocet PACF - priklad

¢ Viac Clenov PACF v softvéri R:

» ARMRact (ma=0.5,lag.maxz=10, pacIi=TRUE)
[1] 0.400000000 -0.190476190 0.084117647 -0.046920821 0.023443223
[A] -0.01171%485 0.0058558464 -0.0025829699 (0.001464845 -0.000732422

Vo forme grafu:

m—
o

—
o

-
<

o Zopakujme si pre MA(2) proces:
o ACF: od druhej hodnoty nulova
o PACF: nevynuluje sa
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Realne data - ceny kakaa

o Data zo zaiatku prednasky
o MA(1) model pre diferencie logaritmov cien:

Dependent YVariable: D(LOGPFCOCOA))
Method: Least Sguares

Oate: 08/14/08 Time: 1451

Sample (adjusted): 19680MO2 2002M09
Included ohservations: 512 after adjustments
Convergence achieved after B iterations

A Backcast 1960M01

Coefficient Std. Errar t-Statistic Frob.

C 0.002454 0.003738 0626614 08117
WA 0.352651 0.041550 0487292 0.0000
F-sguared 0112273 Mean dependent var 00023498
Adjusted F-squared 0110532 5.0, dependent war 0066320
=.E. of regression 0062548  Akaike info criterion -2.701880
Sum squared resid 1885221 Schwarz criterion -2 685324
Log likelihood HY4. 6813  Hannan-Cluinn criter. -2 6353480
F-statistic B4 50046 Durbin-\VWatson stat 1557514
Frob(F-statistic) 0.oooooo
Inverted MA Foots -.34
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Realne data - ceny kakaa

e |nvertovatelnost':

MA Root(s) Modulus Cycle

-0.352651 0.352651

Mo root lies outside the unit circle.
AREMA model is invertible.

o ACF rezidui:
Correlogram of Residuals

Sample: 1960M02 2002M09
Included observations: 512
(-statistic probabilities adjusted for 1 ARMA termi(s)

Autocorrelation Fartial Correlation AC PAC (-Stat

FProb

i ! 1 0.003 0.003 0.0055
i ! 2 -0.008 -0.008 0.0371
| ! 3 -0.014 -0.014 0.1382
| Il 4 0.032 0.032 0.6730
I ! 5 -0.0567 -0.057 2.3587
Il Il 6 0.037 0.033 3.073

|
|
| |
|
[
| |
gl gl 7 -0.062 -0.063 5.0529
| |
| |
| |
| |
| |
| |
| |

Il

Il 1L g 0.026 0.025 53311
Il 1L 9 0.034 0.037 60032
1 10 0.089 0.083 10.1581
! 11 -0.004 0.004 10130
! 12 -0.008 -0.015 10.224
! 13 -0.015 -0.008 10.336
! 14 -0.016 -0.024 10.471

ARMA modely cast 2: moving average modely (MA)

0.847
0.933
0.880
0.670
0.689
0.537
0.612
0.647
0.336
0.424
0.510
0.586
0.655
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VI.
Moving average procegteho radu- MA(Q)
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MA(q) proces - definicia a vlastnosti

o Nechu, Je biely Sum, potom

= p+up — Brug—1 — Boug—2 — ... — ByUi—q
sa hazyvanoving average procesteho radu - MA(Q)

» Woldova reprezentacia; =y + > .~ ¥jur—j

MA(CI) procesiyy = 1,11 = —[1, .. wq @pwj =0
pre; > ¢ — MA(Q) proces je vzdy stacionarny

e Momenty, ACF, PACF:
Elze = p, Varlzd =1+ 8{+...687)0°

Cov|x, x447] =0 preT=q+ 1,q+2,...
= Cor|zy, v ] =0 preTt=q+1,g+2,...
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MA(q) proces - definicia a vlastnosti

» Vypocet prvychg autokorelacii (mézeme uvazovat

1= 10):
COU[ZL’t, th+7] — E[(Ut - ﬁlut—l e T ﬁqut—Q) X
(ut+T _ 61Ut+7—1 e T 6qut+7—q)]
— E[ut(ut+7 — ﬁlUHT—l e e T ﬁqutJrT—QH
—B1E 1 (upr — B1tlpyr—1 — ... — Bgllpyr—g)]
—ﬁqE[ut_q(UH—T — 61Ut—|—7—1 I ﬁqut—FT—Q)]
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MA(q) proces - definicia a vlastnosti

o Vypocet prvychg autokorelacii - pokreovanie:

(=81 + B1fBo+ ... + By-18,)0°
(—B2+ B1f3 + ... + By—28,)0"

T=1 = (1)

T=2 = (2

F—q = 2q) = (—8,)0"

o PACF- dosadenim vypdtanych autokorelacii do
vSeobecného vzorca (1)
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MA(q) proces - definicia a vlastnosti

e |nvertovatelnost':

Ty = WA+ u— Frup—1 — Poup—2 — ... — Byup—q
vy = p+(1—-060L—...—08,LY)u
» Existencia inverznéeho operatora
(1— 1L —...— 3,L9)~1 - korene polynému
1—pL—...—pB,L%=0musia byt mimo

jednotkoveho kruhu
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Priklad 1: simulované data

o Vyberova ACF a PACF z dat:

Correlogram of Y

Date: 08/21/12 Time; 1258
Sample: 1 150
Included ocbservations: 150

L

Autacarrelation Fartial Carrelatian AC FPAC  O-Stat

1 I E
/o
A

0249 0229 74897
-0.304 0376 22115
-0.048 0163 22588
-0.030 -0.246 22731
-0.047 0088 23.07H
-0.007 -0.118 23.086
-0.068 -0.040 23533
-0.053 -0.051 24285
0.044 0025 245494
0056 0008 25114

|
|

| O |
| Wil
| Inl
| I
| g
| HE
| B

Lo o I TR I e o Y S o Y ¥ ey
oo oDooooood

—_

o PACF nie je po nejakom be Clenov nulova—
nebude to AR proces

o ACF ma prvé dve hodnoty vyraznejSie, ostatné skoro
nulové— skusime odhadnut MA(2) proces
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Priklad 1: simulované data

o Odhadnuty MA(2) proces:

Dependent Variable: v

Method: Least Sguares

Date: 052112 Time: 12:59

Sample: 1 1480

Included observations: 150
Convergence achieved after 9 iterations
M& Backecast -1 0

Coefficient Std. Error t-Statistic Frob.

- 0.659055 0.024362 27 05261 0.0000
MALT) 0457857 0.074472 B.148559 0.0000
MA(2) -0.432538 0074795 -5782960 0.0000
F-squared 0272208 Mean dependent var 0.658027
Adjusted F-squared 02623068 S0 dependentvar 0.5337584
5 E. of regression 0.289947  Akaike info criterion 0.381480
Sum squared resid 1236818  Schwarz criterion 0441772
Log likelihood -28 81697 Hannan-Cuinn criter. 0406022
F-statistic 2748037 Durbin-Watson stat 1.979532
FProb(F-statistic) 0.000000
Inverted MA Roots A7 - 43

o Stacionarita - MA proces je vzdy stacionarny
o Invertovatelnost z korgov - je invertovatelny
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Priklad 1: simulované data

o ACF rezidui, Q statistika - v poriadku:

Correlogram of Residuals

Date: 08/21/12 Time: 12:54

Sample: 11580

Included observations: 140

{(J-statistic probahilities adjusted far 2 AREMA termis)

Autacarrelation Fartial Carrelation AC FPAC O-Stat Frob

1T 0.008 0.008 0.0107
2 0028 0028 01357
3

I I -0.084 -0.085 1.2359 0266
| l 4 0043 0044 131391 0517
IC] IC] S -0106 -0103 310068 0476
I I 7 -0083 -0076 42663 0512

I
H

I
i

5 -0.043 -0.06817 4.5646 0607
4 0054 0068 50340 0BG
| I 10 -0.007 -0.033 50420 0753
i | 11 0081 0084 B1175 0748

| |
| |
| |
| |
| |

] L]l B 0023 0.017 31810 0528
| |
| |
| |
| |
| |
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Priklad 2: rychlost’ rastu HDP

R.H. Shumway, D.S. Stoffeil.ime Series Analysis and Its Applicationss. Springer, 2000.
Example 2.32, 2.33

o HNP USA, rychlost rastuy; = In (gnp:/gnpt_1)
o Stvrtrotné data, 1974791-199191l, sezOnbistené

GHP rychlost rastu gnp = log{gnp/gnpd-17)
8.4 006
5.2
004 4
5.0
THT 002~
76 M
o 0004
7.2
-002 H
7.0
EB ||||||||||||||||||||||||||||||||||||||||||| I:II:I4 IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
g0 55 BD /S 70 75 8O B3 90 80 &85 B0 B Y0 ¥& BO 85 90
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Priklad 2: rychlost rastu HDP

o Vyberova ACF a PACF:

Correlogram of Y
A | E cl o [ET F [ 5 |
Date: 08/21/112 Time: 11:349
Sample: 1847021 189101
Included observations: 176

Autocorrelation Fartial Correlation AT FAC O-Stat Prob

o

I E
[
[
[
[
[
[
[
[
[
[
[

1
i

A80 0530 27249 0.000
2e8 0133 29.878 0.000
018 -0.148 394568 0.000

o
O
I o
-0.040 -0.107 41427 0.000
-0
-0

I0
I
I
[
I
I
[
|
I0
I0

o Nie je to také jednozr@né ako v predchadzajucich
prikladoch

A02 -0.005 435341 0.000

I 0s4 0034 435873 0.000

1
y
| 3
| 4

| 5

| 5

| 7-0005 0020 43878 0.000
| 5 -0.057 -0.100 44480 0.000
| g -0.054 -0.039 45025 0.000
| 10 0.025 0.108 45143 0.000
| 11 -0.014 -0.034 45179 0.000
| 12 -0.082 -0.145 46473 0.000
|

13 -0.083 -0.046 48137 0.000

A
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Priklad 2: rychlost’ rastu HDP

e [Shumway, Stoffer; Example 2.32]

"Inspecting the sample ACF and PACF we might feel
that the ACF is cutting off a lag 2 and the PACF is
tailing off"

A | B cl o [ E[T F [ G |

Sample: 184731 198101
Included observations: 176

Autocorrelation Fartial Correlation AC FAC Q-5tat Frob

| N
| il
I

[
O
IT IC]
[
[
[

0.340 0.5380 27243 0.000
0265 0133 39878 0.000
0.018 -0.148 34956 0.000
-0.040 -0.107 41427 0.000
-0.102 -0.005 43341 0.000
-0.054 00339 43873 0.000
-0.005 0040 43878 0.000

|
g1
il
11

I

— Dm0k —

o To by znamenal®/1A(2) model
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Priklad 2: rychlost’ rastu HDP

o Ale tiez[Shumway, Stoffer; Example 2.32]
"We will also suggest that it appears that the ACF is
tailing off and the PACF is cutting off at lag 3"

Correlogram of Y
A | B cl o lE ] F [ G |
Date: 08/21112 Time: 11:349
Sample: 1894701 199101
Included observations: 176

Autocorrelation Fartial Correlation AT FAC (Q-Stat Frob

() ()
I [ A
1)1 il
g 1

|

|

|

0.3890 0.390 272449 0.000
0265 0.133 34878 0.000
0.018 -0.148 34956 0.000
-0.080 -0107 41427 0.000
-0.102 -0.005 43341 0.000
-0.084 0039 43873 0.000
-0.005 0040 43878 0.000

0 N
K
R

I
[

bt [ ol R N o o

e To by znamenal@dR(3) model
o Odhadneme oba modely.
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Priklad 2: rychlost rastu HDP

o MA(2) model - vystup:

Dependent Variahle: Y

Method: Least Sgquares

Late: 08721712 Time: 11:40

Sample (adjusted): 184702 188101
Included ohservations: 176 after adjustments
Convergence achieved after 10 iterations
WM& Backcast 194604 1947001

Coefficient Std. Error t-Statistic Frob.

C 0.001003 0.000157 b.4432245 0.0000
MA(T) 0.319143 0.073009 4.371266 0.0000
A2 0.286871 0.073115 4.923554 0.0001
F-squared 0.180811  Mean dependent var 0.001015
Adjusted F-zquared 0171341 =.0. dependent var 0.001424
S E. of regression 00012868  Akake info criterion -10.44236
Sum squared resid 0000281  Schwarz criterion -10.48832
Lag likelihood 82182768  Hannan-Cuinn criter. -10.42044
F-statistic 18.09224  Durbin-\Watson stat 1.833744
Frob(F-statistic) 0.0000oo
Inverted MA Roots - 16+.81i - 16- 48T
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Priklad 2: rychlost rastu HDP

e MA(2) model - rezidua:

Correlogram of Residuals
A | B lclob | e[ F [ G |
Date: 08/21/12 Time: 11:40
Sample: 184702 199101
Included observations: 176
(J-statistic probahilities adjusted for 2 ARMA term(s)

Autocorrelation Fartial Correlation AT FPAC  O-Stat Prob

|
|
L
0
I
|

L] 0.030 0.050 01628

I 1

I L 2 0025 0024 0272

I iy 3 0.054 0.057 08977 0.3543
l g 4 -0.079 -0.084 20477 0.359
I I ! 5 -0.105 -0.104 40685 0254
I L B -0.003 0003 40702 03597
iy il 7 00687 0.085 48080 0427
g g 6 -0.073 -0.073 548045 0434
g I § -0.080 -0.101 7.0924 0419
il il 10 0.087 0080 85233 0.354
H Ll 11 00153 0.040 55555 0473
iy g 12 -0.081 -0.081 98122 0457
L g 13 -0.032 -0.077 10,008 0.530
g g 14 -0.070 -0.073 10943 0.534
g L 15 -0.061 -0.0058 11.666 0.555
L iy 16 0.040 0055 11.973 0.E0E
iy L 17 0054 0011 12548 0637

o CVICENIE: stacionarita, invertovatelnost,
autokorelacia reziduje'rrigdetr \VyHovapae? < ™ -/



Priklad 2: rychlost rastu HDP

o AR(3) model - vystup:

Dependent Wariable:

Method: Least Sguares

Date: 08/21/12 Time: 11:41

Sample (adjusted): 184801 189101
Included observations: 173 after adjustments
Convergence achieved after 3 iterations

Coefficient Std. Error t-Statistic Froh.

C 0.001008 0000 B4 B.0859658 0.0000
AR 0262642 007E142 4. 782707 0,000
AR(Z) 0186458 00789817 2. 336061 0.0207
AR(3) -0.150362 0078362 -1.0688069 00506
F-squared 0.188922 Mean dependent var 0.001015
Adjusted R-squared 0.174524 5.0 dependent var 0.001434
=.E. of regression 0.001303  Akaike info criterion -10.42509
Sum sguared resid 0.000287  Schwarz criterion -10.35218
Log likelihood 4057701 Hannan-Cluinn criter. -10.38551
F-statistic 13.12154  Durbin-YWatson stat 2024327
FProb(F-statistic) 0.000000
Inverted AR Roots A5+ 20 A5- 24 -84

ARMA modely c¢ast 2: moving average modely (MA) — p.33/47



Priklad 2: rychlost rastu HDP

o AR(3) model - rezidua:

Correlogram of Residuals
Ay | E lcl b | E| F | G |
Date: 08721412 Time: 11:41
Sample: 194801 189101
Included ohservations; 173
C-statistic probahilities adjusted for 3 ARMA term(s)

Autocorrelation Fartial Correlation AT FAC (O-Stat Proh

|
|
I
I
I

l L 1 -0.015 -0.015 0.0403

l L 2 0.008 D009 00558

I iy J 0.048 D050 04874

I I 4 -0.034 -0.038 1.8868 0.168
| g £ -0.050 -0.053 23587 0.311
L L B 0.001 -0.001 23384 0.505
iy iy ¢ 00ss 0077 31285 0537
g g 5 -0.062 -0.064 38331 0574
0 ! 0 ! y-0.107 -0.123 543868 0430
il il 10 0.088 0.050 73911 0.384
L Ll 11 0016 0.045 74568 0430
g g 12 -0.076 -0.077 85313 0482
Iy g 13 -0.026 -0.072 BEB1E 0564
g g 14 -0.076 -0.073 97698 0551
g L 15 -0.057 -0.024 10595 0581
L iy 16 0.046 0055 10794 0628

L L 17 0047 0013 11227 0668
[l [ 18 NNR1T N3/ 11 851 NRRA

o CVICENIE: stacionarita, invertovatelnost,
autokorelacia rezidut;, je, model vyhovujuci?

MA modely cast average modely (MA) — p.34/47




Priklad 2: rychlost’ rastu HDP

o Otazky k odhadnutym modelom:

1. Ako mGzeme mat pre data dva rozne modely -
MA(2) a AR(3)?
Nie su "az tak rozne" Elast@ne ukazeme teraz,
ciast@ne na teoretickom ceeni.

2. Nedaju sa AR a MA cCleny skombinovat?
Daju, dostaneme tak ARMA modely d'alSia
téma prednasok.

3. Ako si teda vybrat model?
Tymto sa budeme zaoberat na praktickomcewii
pri pocCiteci.

ARMA modely c¢ast 2: moving average modely (MA) — p.35/47



Priklad 2: rychlost’ rastu HDP

o K otazke"podobnosti ziskanych AR(3) a MA(2)
procesov.

© 0ba procesy su stacionarpedaju sa napisat' v
tvareWoldovej reprezentacie; = p + >~ wjur—;
o MA(2) proces v tom tvare uz jeiy = 1,
1 = 0.319143, 9 = 0.286871, ostatne), = 0
o AR(3) proces sa da transformovat’

o Najdenie Woldovej reprezentacie procesu
o vypocet na teoretickom cuneni

o teraz vysledok ziskany pomocou R-ka: prikaz
ARMAtoMA z balikastats

ARMA modely cast 2: moving average modely (MA) — p.36/47



Priklad 2: rychlost rastu HDP

o AR(3) model - koeficienty Woldovej reprezentacie:

> ARMAtcoMA (ar=c(l.562642,0.186458,-0.1530362) ,lag.max=10)
[1] 0.36Z2642000 0.3179%67220 0.032563771 0.016568946 -0.055729816
[6] -0.014764073 -0.014507V525 -0.002641510 -0.001445011 0.001165553

o Porovnanie MA(2) a AR(3) modelu:

Koeficienty Woldovej reprezentacie
0.4
0,32 1
0,3 4
0,29 1
0,2 4
0,15 1
0,1
0,05 1
0 . 1 =
0,02 1
-0,1

T | LI - T I
= fial
= )

(3e]
i
A

-l
(ma]
o
d

I AR(3) B MA(2)

ARMA modely c¢ast 2: moving average modely (MA) — p.37/47



Priklad 2: rychlost rastu HDP

o Predikcie v AR(3) modeli:

05

004 4
0034 /‘

002 S

001
000
-.001

-.002 H /’h

-.003

IIIIIIIIIIIIIIIIIIIIIIIIIIIIII
1985 1986 1987 1883 1989 149580 1991 1992

ARMA modely c¢ast 2: moving average modely (MA) — p.38/47%7



Priklad 2: rychlost rastu HDP

o Predikcie v MA(2) modeli:

o4

103 fKK

102 H

101

000

-.001 5

-.002 5

-.003

LI I | LI | I | LI | I | LI I | LI I | LI | I | LI | I | LI
1985 18986 1887 1983 1989 1990 1891 1992

ARMA modely c¢ast 2: moving average modely (MA) — p.39/47



Predikcie v MA modeli

o MA(Q) model:

T = b+ U — Prup—1 — Pour—2 — ... — Bgt—q

o Ak by sme predikcie robili tak, ze hodnoty bieleho
sumuu by sme nahradili nulou, tak predikcie

o by nezaviseli od MA koeficientoy;, 5, . ..
o by boli konstantnée
o Z predchadzajuceho obrazke takto sa to nerobi

o Ako teda:uz realizované hodnoty nenahradime
nulou, ale ich odhadneme z pozorovanych:dat

ARMA modely cast 2: moving average modely (MA) — p.40/47



Predikcie - vSeobeche

o Sme vcaset, chcemepredikciuhodnotyz;. -, t. J.
hodnotu procesu 6 obdobi.
o Ozna&me tuto predikciu;(7), teda

o Indext ozn&ujecas, v ktorom konstruujeme
predikciu

o argument- ozna&uje, na kolko obdobi dopredu ta
predikcia je

o Predikciou budecakavana hodnota procegtiom
case, pri danej informacii, ktord mame k dispozicii:

T4(7) = Eirees]

(indext vo vyrazeE; znamena, ze strednu hodnotu
poCitame vCase!)

ARMA modely c¢ast 2: moving average modely (MA) — p.41/47%7



Predikcie pre AR proces

o AR proces: takto poitaneé predikcie sa zhoduju s
intuiciou.

o Majme AR(p) proces

Tt =0+ Q1Ti—1 + ... + pTi—p + Us.

Potom:
Li+r = 0 + A1 Tttr—1 T -« - T QpLtpr—p + Ut4r,
Ly [$t+7l = 0+ a1 B vipr—1] + ..+ BTy
()
+pt [u?H-Tl
pricom !

T¢(s) pres >0
E _
[T+ { Tirs pres <0

ARMA modely c¢ast 2: moving average modely (MA) — p.42/47%7



Predikcie pre MA proces

o Majme MA(1) proces
Ty = b+ up — Pug—1
a paitajme predikcier; (7):

Tiys = J+ Upps — PUpys—1,
?t [$t+sl = bt fjt [ut—i—sl —0 ?t [ut—i-s—ll
i;(rs) Br Uyt pre S;rl, inak 0
Teda:
. 1 — Buy pres =1
Tt(s) =
0 pre s =2,3,...

o CVICENIE: Dokazte, Ze pre MA(Q) proces plati
T(s) = p pres > g a ze pres < ¢ predikcie obsahuju
realizované hodnoty bieleho Sumu

ARMA modely cast 2: moving average modely (MA) — p.43/47



Predikcie pre MA proces

o Predikcie pre MA(1) proces; = 1 + u; — Suz—1 SU

() pp—Pug  pres=1
Tt(s) =
t 7 pres =2,3,...

- obsahujthodnotu bieleho Sumu,. Tato hodnota uz
bola vCase konstrukcie predikcii realizovamég sme
vSak schopni ju pozorovat

o CvicCenie z predch. slajdg- podobna situacia nastava
pre fubovolny MA(q) proces

o Ako prakticky pcitat’ predikcie?
Myslienka:vyjadrimew; pomocou hodnot procesu

o Tento vypaet si ukazeme na MA(1) procese

ARMA modely cast 2: moving average modely (MA) — p.44/47



Predikcie pre MA(1) proces

o Vyjadrujeme teda; pomocoury, 2o, ..., 1y
o Vyuzijeme pritom:
o Pre MA(1) sme odvodili

(2) Tt(1) = p — Py
o Pre prediknu chybu plati
(3) Tt — C%t_l(l) — Ut

o Budeme postupne pdat i;(1) pret =0,1,2,...

(4) 70(1) 2 4 — Bug

ARMA modely c¢ast 2: moving average modely (MA) — p.45/47



Predikcie pre MA(1) proces

e Pret=1:
fjl(l) @ pn— Pug
&) p— Bler — Zo(1)]
D= Blar — (4 — Buo))
(5) = p(l +5) Ba1 — Fug
o Pret =2:
§32(1) (i> p— Pusg
(3) | .
= u— Blre — 21(1)]
& = Blws — (u(1 + B) — By — Bug)]
(6) = p(L+ B+ 57) = s — 51 — Fuo

ARMA modely c¢ast 2: moving average modely (MA) —

p.46/47



Predikcie pre MA(1) proces

e Pre vSeobecné
2(1) = p(l+8+6+...08

2 t+1
—5%—5 It—l—---—5t$1—5+uo

o Ajtu vystupuje nepozorovatelna hodnotg ale vplyv

clenasi*lug ide k nule pree — oo (kdet je pocet dat)
= mozeme ho zanedbat

e Dostaneme:

7(1) = p(l+B+6°+...8"
— By — BPrp_1 — ... — By

o Ako sme uz povedali;;(s) = p pres = 2,3, ...

ARMA modely c¢ast 2: moving average modely (MA) — p.47/47
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