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ARMA modely

o Terminoldgia:
o AR - autoregresny model niekotko nasledujucich hodin

o MA - moving average, kavé priemery
o ARMA - ich kombinéacia
o Najskor:autoregresny proces prvého raddiR(1)
o definicia
o stacionarita, ohranenie na parametre
o vypocet momentov a ACF
o simulovane data
o prakticky priklad s realnymi datami

o Potom:
o autoregresné procesy vyssich radov
o ako ucit vhodny rad procesu pre daneé data
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Autoregresny proces prvého rad R (1)
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AR(1) - definicia

e AR(1) proces
Tt = 0 + axi—1 + Uy,

kde s a«a su konsStanty aw, } je biely Sum
o Nech pret =ty Je dana hodnota,, :
Tto+1 = O+ Qg + Uge1,
Tto+2 = O+ QTpo41 + Utg42 =
0(1 4 a) + oz, + (g1 + ugypo)

Lto+3 —
VO vSeobecnosti:
1 —a” !
(1) Ttodr = @Tg[;to + 1— & ) -+ Z Q- Uty 41—
7=0
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AR(1) - stacionarita

e Zovztahu (1):

o Deterministické zéiatocné podmienkyhodnota
procesu \caset je xo— Proces nie je stacionarny

o Nahodné zéatacné podmienky
o Proces je generovany pre& R— hodnotaz;, je

nahodna.
o Ak -1 < o < 1, tak pretg — —oo dostaneme
1 =
(2) T = _a5—|—zooz]utj
J:

o Woldova reprezentaciai; = o’ preja| < 1—
proces je slabo stacionarny
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AR(1) - vypocet pomocou operatotia

o ZAapis procesu:

(1 — CEL)ZIZt — 0 + Uy
o Vyjadrimeuz,:

ri=(1—al) 16+ (1—al) tu

» Vypocet inverzného operatordo je(1 — oL)~ ! (piSe
saajl/(1 —al))?

(1 — OzL)_l = ¢o + 1L + (/52L2 +
(1 —al)(¢g+ 1L+ ¢ol?+.....) =1

Roznasobime a porovname koeficientyy; = o/, t. j.

1
(1—04L)_1:1 L:1+04L+042L2—|—043L3—|—...
—
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AR(1) - vypocet pomocou operatotia

e Teda:

(1+al+ao’L*+.. )0+ (1 +al+o’L* + ..
= (I+a+ao®+..)0+ (w+ow—_1+a*u_o+...)

0 S
B 1 — « +Z@]Ut—j7
=0

pricom na sitanie nekonéneho radu potrebujeme
splnenie podmienkjn| < 1.

o Z oboch postupov teda vyim podmienka stacionarity
pre AR(1) procesla| < 1

o V d'alSich vypatoch predpokladame splnenie tejto
podmienky

Lt
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AR(1) - momenty, postup 1

o Pripoma&me si explicitné vyjadrenie procesu (2):

) = .
Ty = 1— o —|_ZOCV‘7U¢J'
j:
e Stredna hodnota
i 5 . i
E[th] = F 1—&+Z&JUt_j
- j:O —
) = . 0
_ ] _
_ 1_&+§%@ Elus_j] = —
]:

o FElx] = 0 prave vtedy, ked) = 0
© VO vSeobecnositi'[z;]| +# 0, ale maju rovnhake
znamienko (leboa| < 1)
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AR(1) - momenty, postup 1

e Variancia

g —
Varlxy] = Var +Zoz]ut_j

l—a 4
©.@) 0.
= g Varladu—;| = g a?Varug_ ]
7=0 7=0
0.
1
52 2&2] _ 52 :
, l -«
7=0

kde

o sme vyuzili, ze disperzia su nekorelovanych
premennych je stet disperzii

o o je variancia bieleho Sum{; }

ARMA modely c¢ast 1: autoregresné modely (AR) — p.9/59



AR(1) - momenty, postup 1

o Autokovariancigvyuzijeme, ze“ov|uy, u;] = o pre
k=1laCovlug,u] =0 prek #1):

0 0
Cov|xy, xi—g] = FE <Z oziutz-> Z ozjut_s_j
\i=0 =0
0 oo
> Y a" Bl urs )

i=0 j=0

2

_ 2§ :&s+2]_ -
—

e Autokorelacie:

Corluy, my_] = Cor|xe, rs—g) .

Var|x)Var|x;_g]
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AR(1) - momenty, postup 2

o Alternativny postupnevyuzivajuci explicitné
vyjadreniez,;; uzitocny pri procesoch vyssieho radu
e Stredna hodnota

o vieme, Ze existuje konstantataka zer x| =
pre kazde (stacionarita)

o spravime strednu hodnotu favej aj pravej strany
rovnosti z definicie procesu:

Ty = 0+ axi_1+ uy /lﬂ]

p = o+au+0
0

1l — «
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AR(1) - momenty, postup 2

e Disperzia a autokovariancie

o akuz, je stacionarny proces (nielen AR(1)), tak
procesyx; az; — p maju rovnaké disperzie a
autokovariancie

o pre AR(1) proces teda mozeme predpokladat, ze

0 =0
o nechs > 0:
T = QTp—1 -+ uy / X Tp_g, ]
Blowwi—s] = aBri1wi—s) + Elugri—]
Z toho:
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AR(1) - momenty, postup 2

o Disperzia a autokovariancipokraovanie:
o (3) a(4) - dve linearne rovnice s dvoma
neznamymi— vyjadrime~(0), ~v(1):
0'2 o

(6) /7(0) — 1 — o2’ /7(1) — 1 — o2

o (5) je potom rekurentny predpis, pom (6) dava
zaCiatocnu podmienku:

CEO'2

(7) /7(1) — 9

l -«
(8) Y(s+1) = ay(s)pres>1

o Autokorelacierovnice (7) a (8) vydelime(0):
p(1) =a, p(s+1)=ap(s)pres =1
atedap(s) = a”.

ARMA modely cast 1: autoregresné modely (AR) — p.13/59



Priklad - simulované data

o AR(1) proces
Tt = 0 + axi—1 + Uy,
kde biely Sum:; ma normalne rozdelenié,- 0,
o’ =1
o Postupne zoberieme= {0.9,0.6, —0.9}

o Zobrazime:
o realizaciu procesu
o teoreticku autokoretanu funkciu
o vyberovu autokorelanu funkciu odhadnutu z dat
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Priklad - simulované data, = 0.9

X, = 0.9 Xy TU, U~ N(0,1) nezavisle
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Priklad - simulované data, = 0.6

0.5

Teoreticka ACF

-0.5}

X, = 0.6 Xy TU, U~ N(0,1) nezavisle

0 20 40 60 80 100

1 2 3 4 5 6 7 8 9 10

ACF odhadnuta z dat

-0.5}

1 2 3 4 5 6 7 8 9 10
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Priklad - simulované data, = —0.9

x,=-0.9 X tU, U~ N(0,1) nezavisle
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Teoreticka ACF
ACF odhadnuta z dat
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Priklad - realne data

e G. KirchgéassnerCausality Testing of the Popularity Function: An Empirical
| nvestigation for the Federal Republic of Germany, 1971-1982, Public Choice 45
(1985), p. 155-173.

e [Kirchgassner, Wolters], example 2.2

o Nemecko, januar 1971 - april 1982
e C'DU; =volebné preferencie CDU/CSU

Percent

56 -
54
52 -
50 -
48 -
46
44 -
42
40

T T T T T T T T T T 1 :!."':-E.]‘
1871 1973 18975 1977 1979 1981

a) Popularity of the CDU/CSLU, 1971 — 1982
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Priklad - realne data

o Odhadnuty AR(1) model:

CDU, = 8053 + 0834CDU_, + i,
(3.43) (17.10)

R® = 0683, SE = 1.586, Q(11) = 12.516 (p = 0.326).

The estimated t values are given in parentheses. The awtocorrelogram, which is
also given in Figuwre 2.4, does not indicate any higher-order process. Moreover,
the Box-Ljung O Statistic with 12 correlation coefficients (i.e. with 11 degrees of
freedom) gives no reason to reject this model.

pit)

1
0.8
0.6
0.4

0.2-
0 AbaU,vg,Av&.‘,Q__, .
0.2 Jreitentt G 10 15 20

e | |

0.4 -
0.8 4
08 ¢} Estimated autocorrelation function of the

residuals of the estimated AR({])-process

with confidence intervals

.
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Priklad - realne data

o Otazky k odhadnutému modelu:
o Je odhadnuty model stacionarny?

o V texte sa spominaju autokorelacie rezidui a
Ljung-Boxova Q Statistika - aké hypotézy sa testuju
(a preo), akym spdsobom a s akymi zavermi?

o Na grafe su pri autokorelaciach zostrojenée

intervaly. Vypcitajte pomocou znamych udajov
ich hranice.

o~ Comu sa rovna stredna hodnota premerne{/;?

ARMA modely cast 1: autoregresné modely (AR) — p.20/59



1.
Autoregresny proces druhéeho radAR(2)
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A

R(2) - definicia

o AR(2) proces:

Tt =0+ a1r—1 + Qa2 + Uy
o Pomocou operéatora posunu:
(1 —a1L — oszQ)xt = 0+ uy
a(L)xy = 0+ uy
o Woldova reprezentacia a stacionarita
ry=o YL+ o D)y

— potrebujeme inverzny operator!(L); znovu ho
najdememetodou neuitych koeficientov:

o ML) =g+ 1L+l + ..
pricom
(9) 1 = (1 — 1L — OéQLQ)(w() -+ QplL -+ ¢2L2 -+ .. )
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A

R(2) - stacionarita

» Porovname koeficienty pfi’ na oboch stranach (9):
Y — a1 — agpj_9 =0,
Yo =1, ¥1 =
o Podmienka stacionarit)Kvoli splneniu podmienky
2%2. < oo musia byt korene charakteristickej] rovnice
2\ — 1A — g = 0
v absolutnej hodnote mensie ako 1
o Inak povedanékorene rovnice
(L) =1—o1L —asl?=0
musia byt v absolutne] hodnote ¢ste ako 1, t. j.
mimo jednotkového kruhu

o Toisté vyslo predtym pre AR(1): konev(L) = 0 mimo
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AR(2) - momenty

o Slabo stacionarny AR(2) proces:
Tt = 0 + Q1Ti—1 + T2 + Uy

e Stredna hodnota
o ozn&mep = Elx;]; potom

fo= 0+ aip+ oz,
0

1l — a1 — a9

ILL p—
o Podobne ako pre AR(1): stredna hodnota sa

nerovna parametrai(okrem pripadu = 0), ale
maju rovnaké znamienko
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A

R(2) - momenty

o Autokovariancieznovu mozeme predpokladat nulovi
strednu hodnotu, t. j.

Tt = OQ1Tg—1 T QaT¢—2 + Ut / X Ti_g, L]

Elxi—sri] = o1FE|ri—sri_1| + aoF|xi—sxi—2] + Flari—suy]
o Pres=0,1,2 dostaneme:

7(0) = aiv(l) + a2y(2) + o
(1) = a1v(0) + agy(1)
v(2) = a1y(1) + azy(0)
- sUstava rovnie- v(0) = Var[x], v(1), v(2)
o Pres > 2 - diferertna rovnica:
(10) v(s) —oay(s —1) —ay(s —2) =0,
zaCiatocné podmienky z predchadzajuceho bodu
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A

R(2) - momenty

» Autokorelaciediferercnu rovnicu (10) a je] 2aatoCne
podmienky vydelime/(0):

p(s) —aip(s —1) —azp(s —2) =0

p(0) =1,p(1) = -— -

a1
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AR(2) - priklady

1. Procesz; =1+ 1.5x1-1 — 0.562:_9 + uy
« korelacie sphaju diferend rovnicu
p(t) — 1.5p(t — 1) + 0.56p(t — 2) = 0,
ktora ma vsSeobecné riesenie
p(t) = c1(0.8)" + c2(0.7)"
o ACF monotonne klesa
2. Procesy; =1.4x4_1 — 0.85x1_9 + uy
» korelacie sphaju diferenu rovnicu
p(t) — 1.4p(t — 1) + 0.85p(t — 2) = 0,
ktora ma vseobecné riesenie

p(t) = 0.922%(c1 cos(0.709t) + co sin(0.709¢))
o ACF osciluje
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AR(2) - priklad 1

X, = 1+15 X4 ~ 0.56 X_o t U, U~ N(0,1) nezavisle
25

20}

15¢

10y

0 20 40 60 80 100

0.5 | |IIII |

-0.5}

) IIIIIII -
ol Illlll-llllll

Teoreticka ACF
ACF odhadnuta z dat

-0.5}
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AR(2) - priklad 2

x,=1l4x_, -0.85x_,+u., u ~N(0,1)nezavisle
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. G 05/
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-1 . . . -1 . . ,

0 5 10 15 20 0 5 10 15 20

cos(kt),sin(kt) — peric’)da%j = 8.862 ~ 9
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AR(2) - realne data

[Kirchgassner, Wolters], example 2.6

o 3-mesa&na urokova miera, Nemecko, 197091-1998g4

Percent

16 -

14

12

10 4

8 -

@ \j ﬂ\—u//\\\

4 e
.

0 . . . . . year
1970 1875 1880 1985 1990 19395
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A

R(2) - realne data

o Odhadnuty AR(2) model:

GSR, = 0577 + 1.407GSR,, — 0498 GSR_, + {,
(2.82) (17.49) (-6.16)
R* = 0.910, SE = 0.812, Q(6) = 6.431 (p = 0.377)
p(x)
1-
0.8+
0.6+
0.4 -
0.2
0 ll\ - ‘/\\‘\ — - T
—_ "\\_\‘lr,l' T T "wf 1
-0.2- 5 10 15 20
0.4
-0.6-
-0.81 ¢) Estimated autocorrelation function of the
-1- residuals of the estimated AR(2) process

with confidence intervals
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A

R(2) - realne data

o Otazky k odhadnutému modelu:
o Je stacionarny?
o Analyzujte rezidua - autokorelogram, Q-Statistika.

o Aka je stredna hodnota odhadnutého procesu?
AKky je priebeh jeho autokoretaej funkcie?
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1.
Autoregresny proces-teho radu - AR(p)
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A

R(p) proces - stacionarita

o AR(p) proces:

(11) 2t =0+ apxy—1 + oaxi—2 + ... + QpTy—p + Uy,
t.). o(L)zy =6 +w, kKdea(L) =1 —ag L — ... — a, LP
o Woldova reprezentacia a stacionarita:

ry = o L) (8 4+ w),
inverzny operaton(L)~! hfadame v tvare

L)' =14+ YL+l +...
» Pre koeficienty); dostaneme difer&mu rovnicu

U —oa1hp_1— ... —app_p =0
= kvoli konv. 3~ ¢¢ musia byt korene charakt. rovnice
AP — N — ) = 0 vn(tri jednotkového kruhu,

t. j. korenea(L) = 0 musia byt mimo jednotkového
kruhu
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AR(p) proces - momenty

e Stredna hodnota:
ozn&imey = E|x;] a spravime strednu hodnotu z
[ave] aj pravej strany (11):

0

-1 —...—qy

p=0-+aip+...+apu = p=

aj teraz: stredna hodnota ma rovnaké znamienko ako
parameten

e \ariancia, autokovarianckenechs = 0

T = a1%—1+ ...+ apTi_p + / X Tp—g, F|.]
v(s) = ary(s—1)+...opy(s —p) + Elugi—|
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AR(p) proces - momenty

o Variancia, autokovarianctepokracovanie:

o s=0,1,...,p— sustava + 1 rovnic s neznamymi
7(0),7(1), ..., v(p):

¥(0) = a1v(1) +a2y(2) + ...+ apy(p) + 0
(1) = ay(0) +a2y(1) + ... +oypy(p — 1)

ory(p— 1)+ an(p—2) + ... + a7(0)

v(p)
(12)

o ostatné autokovariancie z dife@rej rovnice

(13) A1) —ary(t—1) ... — apy(t —p) = 0
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AR(p) proces - momenty

e ACF:
o diferercna rovnica pre autokorelacie - rovnicu (13)

vydelime disperzioy(0):
p(t) —aip(t —=1) — ... —app(t —p) =0
o zeClatacné podmienky - poslednyghrovnic zo
sustavy (12) vydelime(0):
p(1) = a1+asp(l) +...+app(p — 1)
p(2) = a1p(l) +az+ ...+ app(p —2)

a1p(p—1)+ap(p—2)+ ...+

>

/N

=
|

(14)
- nazyvaju sarule-Wolkerove rovnice
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V.

Parcialna autokorelacna funkcia - urcovanie
radu AR procesu
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PACF - motivacia

o Preco sme na modelovanie preferencii pouzili AR(1)
model a na modelovanie Urokovej miery AR(2)?

o Teoreticka ACF pre AR(1) a AR(2) procesy z
predchadzajucich simulacii:

1

Teoreticka ACF
Teoreticka ACF

Ako ich rozlisit?
o Ako zistit vhodnost AR modelu wit jeho rad?
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PACF - motivacia

o Uvazujme nejaky nahodny process nulovou
strednou hodnotou a modelujme jeho hodnotu
pomocou prechadzajuciéhhodnot:

Ty = 1T4—1 + Boxe—2 + ... + Brry_i + wy

o Ozna&me koeficientyd,;, kdek je pactet pouzitych
starsich hodnot procesua: je koeficient priv;_;

e Teda:

rr = Prix—1 + wy

Ty = DPorxr—1 + Pooxi_o + uy

Ty = Pg1ap-1+ P3oxt—2 + P33:_3 + Uy

Ty = Ppiri—1 + Ppoxi—2 + Ppsri—3+ ... + Prrri_i + wy

o Ak z Je AR(p) proces, takb,, = 0 prek > p.
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PACF - definicia a vypoet

o Koeficient®,, sa nazyvaarcialna autokorelacia
raduk

o Postupnost tychto koeficientov vytvaparcialnu
autokorelanu funkciu (PACF)

o Vypocet: vyjdeme zo vztahu
T = Cp1xp—1 + Prowi—2 + Pp3xri—3 + ... + Prpri—_p + uy
a rovnako ako pri odvodeni Yule-Wolkerovych rovnic
dostaneme

p(1) = Q1+ Pr2p(l) + ...+ Py p(k — 1)
p(2) = Pp1p(l)+ Pra+ ...+ Ppi p(k — 2)

plk) = Pp1p(k —1)+ Ppa p(k —2) + ... + Py
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PACF - definicia a vypoet

o Maticovy zapis:

1 p()) o pk—1) | [ @ | [ o)
p(1) 1 oo plk—2) Dk2 _ p(2)
plk—1) plk—2) ... 1 Okk | p(k)

o Zaujima nas ib@,,., pouzijeme Cramerovo pravidlo:

det

(15) Prrp =

det

Kp(k—n plk —2) ... 1)
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PACF - priklad: AR(1) proces

o Postupne paitame:

®11 = p(1)

e Prea =0.9:

1

1
=
in

Teoreticka PACF
o

o in

T T T

|
-y
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PACF - odhadovanie z dat

o Zateoretické autokorelacie vo vztahu (15) dosadime
ich konzistentné odhady: dostaneme konzistentny
Odhad(i)kk

o Pre AR(p) proces |@,, = 0 prek > p, pre tietok
asymptoticky plati

1

Var[@kk] ~ ?

ARMA modely cast 1: autoregresné modely (AR) — p.44/59



Priklad: simulované data (1)

Correlogram of X1

Date: 091411 Time: 09:41
Sample: 1 100
Included observations: 100

Autocorrelation Partial Correlation AL PAC Q-Stat Prob

0.793 0.793 64.862 0.000
0638 0023 107.24 0.000
0.503 -0.027 133.84 0.000
0408 0031 151.57 0.000
0.294 -0101 160.82 0.000
0.199 -0.031 165.13 0.000
0.176 0127 168.51 0.000
0.153 -0.002 17110 0.000
0.037 -0.096 17217 0.000
10 0.056 0.002 17253 0.000
11 -0.021 -0.156 172.58 0.000
12 -0.066 -0.002 173.08 0.000
13 -0.153 0126 17582 0.000
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Z odhadnute] ACF a PACF usudime, ze data boli zrejme ge:
nerovane AR(1) procesom.

ARMA modely cast 1: autoregresné modely (AR) — p.45/59



Priklad: simulované data (1)

Odhadneme AR(1) model:

Dependent Variable: X1

Method: Least Squares

Date: 09/14/11 Time: 09:44

Sample (adjusted) 2 100

Included observations: 99 after adjustments
Convergence achieved after 3 iterations

Variable Coefiicient  Std. Error t-Statistic Frob.
C 5062255 0481641 10.51044 0.0000
AR(1) 0.793600 0060654  13.08403 0.0000
R-squared 0638318 Mean dependent var 4. 990404

Adjusted R-squared 0634590 S D. dependent var 1.633787
5. E. of regression 0967611 Akaike info criterion 2832939

Sum squared resid 94 61140 Schwarz criterion 2.88536b
Log likelihood -138 2305  F-statistic 1713917
Durbin-Watson stat 2076048  Prob(F-statistic) 0.000000
Inverted AR Roots 79

ARMA modely cast 1: autoregresné modely (AR) — p.46/59



Priklad: simulované data (1)

Ziskany model
e je stacionarny
e ma dobré rezidua:

Correlogram of Residuals

Date: 09/14/11  Time: 09:47

Sample: 2 100

Included observations: 99

(Q-statistic probabilities adjusted for 1 ARMA termis)

Autocorrelation Fartial Correlation A FAC Q-Stat Prob

1
il

I 1 -0.038 -0.038 0.1443

2 0084 0083 08703 0351
3 -0.020 -0.014 0.9107 0634
4 0080 0073 15889 0.662
5 -0.008 -0.000 1.5959 0.810
6 -01271 0136 31791 0.672
7 0034 0.030 33043 0.770

[
[
[
1 ¢ 0111 0132 4.6631 0.701
[
[
[

|
] |
|
] 1

g ! O 9 -0079 -0.085 53556 0.719
10 0.032 0028 546393 0.792

11 -0071 -0.059 6.0422 0.812

24 AN ANCE T AAAD NTED

I

i

| |
| |
| |
| |
| |
g |6
| |
| |
| |
| |
| Wi

il

ARMA modely cast 1: autoregresné modely (AR) — p.47/59



Priklad: simulované data (2)

Correlogram of X2

Date: 091411 Time: 09:42
Sample: 1 100
Included observations: 100

Autocorrelation Fartial Correlation AC

PAC

(J-Stat

Prob

= 1 0775
| 2 0.370
| 3 -0.006
| 4 -0.295
| 5 -0.456
| 6 -0.444
| 7 -0.2862
|
|
|
|
|

-1

—

g -0.046
3 0176
10 0.329
11 0.389
12 9339

LLAERERER

— data vyzeraju na AR(2) proces

ARMA modely c¢ast 1: autoregresné modely (AR)

0.779

-0.601

0.004

-0.263
-0.042

0.050
0.064
0.068
0.048
0.066
0.080

-0.003

62.497
76.751
76.755
85.970
108.26
12967
138.38
138.61
142.08
154.33
17167
185.01

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

— p.48/5¢



Priklad: simulované data (2)

Odhadneme AR(2) model:

Dependent Variable: ¥2

Method: Least Squares

Date: 09/14/11 Time: 09:44

Sample (adjusted}); 3 100

Included observations: 98 after adjustments
Convergence achieved after 3 iterations

Variable Coefficient  Std. Error:  t-Statistic Frob.
C 1.697631 0.2850585 5. 604647 0.0000
AR(1) 1.44625( 0.067725 21.35463 0.0000
AR(Z) -0. 764615 0.068891  -11.09894 0.0000
R-sguared 0858305 Mean dependent var 1.609184

Adjusted R-squared 08655322 S.D. dependent var 2.360745
S E. of regression 06897947  Akaike info criterion 2652722

Sum squared resid 76.59931 Schwarz cnterion 2.731854
Log likelihood -126.9834  F-statistic 287.7266
Durbin-VWatson stat 1.999308 Prob{F-statistic) 0.000000
Inverted AR Roots T2-45i A2+ A5

ARMA modely cast 1: autoregresné modely (AR) — p.49/59



Priklad: simulované data (2)

Ziskany model
e |e stacionarny:

Inverse Roots of AR/MA Polynomialis)
Specification: X2 C AR{1} AR(2)

Date: 0911411 Time: 09:53

Sample: 1 100

Included observations: 95

AR Root(s) Modulus Cycle

0.723125 + 0491635 0.874423 10.52298

Mo root lies outside the unit circle.
ARMA model is stationary.

ARMA modely cast 1: autoregresné modely (AR) — p.50/59



Priklad: simulované data (2)

e Ma dobré rezidua:

| Correfogram of Residuals

Date: 091411 Time: 09:47

Sample: 3 100

Included observations: 98

(-statistic probabilities adjusted for 2 ARMA term(s)

Autocorrelation FPartial Correlation AC FPAC -5tat

Prob

|
g1
i

| 1 -0.003 -0.003
il 2 0.095 -0.095
i 3 -0.045 -0.046
] 4 0166 0.158
l 5 -0.009 -0.016
l 6 -0.073 -0.048
l 7 -0.030 -0.018
l 8 0.106 0.072
|
|
|
|

= T

9 0.052 0.048
10 -0.052 -0.023
11 0116 0143
12 0.008 -0.025

1l

[ [
[ [
| [
[ [
[ [
g I
[ [
[ [
[ [
[ [
[ |
[ [

l

ARMA modely c¢ast 1: autoregresné modely (AR)

0.0012
0.9273
11386
4.0041
4.0118
4 5762
4.6744
5.9023
6.1963
6.45958
g.0085
a.0167

0.286
0.135
0.260
0.334
0.457
0.434
0.517
0.592
0.5633
0.627

— p.51/5¢



Priklad: simulované data (2)

Ak by sme odhadli AR(1), nedostali by sme dobry model:

Dependent Vanable: x2

Method: Least Squares

Date: 09/19111 Time: 13:05

Sample (adjusted): 2 100

Included observations: 99 after adjustments
Convergence achieved after 3 iterations

Variable Coefficient  Std. Error  t-Statistic . Prob.

C 1.772761 0.812831 2180970  0.0316

AR(1) 0832518 0058714 1418535  0.0000
R-sguared 0674760 Mean dependent var 1615152
Adjusted R-squared 0671407 S5.D. dependent var 2349420
S E. of regression 1346759  Akaike info criterion 3.453274
Sum squared resid 175.9347  Schwarz criterion 3505701
Log likelihood -168.9371  F-statistic 2012411
Durbin-VWatson stat 0. 768890 Prob(F-statistic) 0.000000

Inverted AR Roots 83

ARMA modely c¢ast 1: autoregresné modely (AR)

— p.52/5¢



Priklad: simulované data (2)

Correlogram of Residuals

Oate: 09/19/11 Time: 13:05
Sample: 2 100
Included observations: 99

(-statistic probabilities adjusted for 1 ARMA term(s)

Autocorrelation Partial Correlation AC PAC

J-Stat

Prob

_______HHHHH__

- rezidua nie su biely Sum

1 0613 0.613
2 0113 0421
3 -0.233 -0.142
4 -0.361 -0.103
5 -0.458 -0.357
6 -0.415 -0.081
7 -0.224 -0.055
g 0.025 -0.057
9 0.187 -0.040
10 0.260 -0.009
11 0.303 0.106
12 0.235 -0.050
13 0.138 0.148
14 0.026 0.076

ARMA modely c¢ast 1: autoregresné modely (AR)

38.315
39.624
45 257
58.948
81.284
99.754
105.23
105.30
109.20
116.79
12724
133.60
135.83
135.91

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

— p.53/5¢9



Priklad: simulované data (3)

Correlogram of X3

Date: 09/14/11 Time: 11:00
Sample: 1150
Included observations: 150

Autocorrelation Fartial Correlation

AC  PAC Q-Stat

Prob

EE— |

—
[

o L O

=5

|

|

|

|

|
[ ]
]
)

|

|

|

(i s N R T o i Y S W W R

10
11
12
13
14
15
16
17

-0.305 -0.305
-0.579 -0.741
0.258 -0.674
0.750 0776
-0.754 -0.011
G191 8317
0.561 -0.024
0.235 -0.074
-0.864 -0.155
0.321 -0.115
0482 -0.171
-0.225 0.260
0617 0.243
0.666 0.137
0.115 -0.245
-0.431 -0.276
-0.196 -0.304

— data vyzeraju na AR(4) proces

ARMA modely cast 1: autoregresné modely (AR)

14.210
65.931
76.236
163.98
253.28
259.05
309.16
318.22
435.88
455.66
493.73
502.09
565.46
639.79
642.03
673.62
680 20

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

— p.54/5¢



Priklad: simulované data (3)

Odhadneme AR(4) model:

Dependent Variable: X3
Method: Least Sguares
Date: 0914/11 Time:

11:00

Sample (adjusted): 5 150
Included observations: 146 after adjustments
Convergence achieved after 4 iterations

anable Coeficient  Std. Error  t-Statistic Prob.

C 0.291702  0.1648%4  1.769026 0.0791

AR(1) 0446956  0.037374  -11.95901 0.0000

AR(2) 0142364 0047729 -2982727  0.0034

AR(3) 0230836 0047962 4812920  0.0000

AR(4) 0883163 0037110 2379828  0.0000

R-squared 0964819 Mean dependent var 0.386781

Adjusted R-squared 0.963821 S.D. dependent var 4 926549

S.E. of regression 0937062 Alkaike info criterion 2741512

Sum squared resid 123.8100 Schwarz criterion 2843650

Log likelihood -195.1304  F-statistic 9667250

Durbin-Watson stat 1.788300  Prob(F-statistic) 0.000000
Inverted AR Roots 80 -18-981 -18+.93i -.99

ARMA modely c¢ast 1: autoregresné modely (AR)

— p.55/59



Priklad: simulované data (3)

Ziskany model
e |e stacionarny:

Inverse Roots of AR/MA Polynomial(s)
Specification: X3 C AR(1) AR({2) AR(3)} AR(4)
Date: 0941411 Time: 11:02

Sample: 1 150

Included observations: 146

AR Root(s) Modulus Cycle
0.179619 + 09821221 0.998412 3.586936
-0.986142 0.986142
0.898425 (1.898425

Mo root lies cutside the unit circle
ARMA model is stationary.

ARMA modely cast 1: autoregresné modely (AR) — p.56/59



Priklad: simulované data (3)

e Ma dobré rezidua:

Correlogram of Residoals

Drate: 09/14/11
Sample: 5 150

Time: 11:01

Included observations: 146
(d-statistic probabilities adjusted for 4 ARMA term(s)

Autocorrelation

FPartial Correlation

AC  PAC Q-Stat

Frob

[
I
I
]
]
L
!
I
[
I
[
I
[
[

I

g

]

|
|
|
|
|
|
|
|
|
|
|
|
|
il
|

|

=T

1
2
3
4
5
B
T
8

g9
10

12
13
14

ARMA modely c¢ast 1: autoregresné modely (AR)

0.099 0093
-0.049 -0.059
-0.060 -0.050
-0.025 -0.016
0.035 -0.037
0.027 -0.025
0.057 0.057
-0.036 -0.056
-0.024 -0.013
0.077 -0.075

-0.106 -0.115
0.011 0.024
0.062 0.036

1471
1.6249
2.3672
2 4594
2.6425
2.7513
3.2548
3.4624
35525
4. 4534

11 -0.015 -0.007 4.5213

6.3164
6.3353
6.9714

0.104
0.253
0.354
0.484
0614
0.612
0.718
0612
0.706
0.728

15 -0.109 -0.136 6.9264 0.629

— p.57/589



Priklad: simulované data (4)

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— === A78 -0.578 67.767 0.000
I A E= 134 -0.300 71.426 0.000
g ! (- 077 -0.247 72631 0.000
A C
Ig ! B
| [l
g 1
N &
Ly ]
I I
NN I

i I

! 1-0

! 20

! 3 -0

! 4 0.072 -0.120 73.703 0.000
! 5 -0.093 -0.172 75453 0.000
! 6 0.092 -0.079 77.270 0.000
! 7 -0.059 -0.072 75.006 0.000
! g -0.0286 -0.162 78.172 0.000
l g 0.016 -0.178 78.229 0.000
! 10 0.056 -0.081 78.903 0.000
! 11 -0.026 -0.028 79.052 0.000
[

12 -0.025 -0.072 75188 0.000

=5 - i a e T L

— nebude to AR proces

Nabuduceprocesy s takouto ACF a PACF

ARMA modely cast 1: autoregresné modely (AR) — p.58/59



Priklad: realne data

o Z predchadzajucich prikladov s realnymi datami:
o volebné preferencie (viavo) - AR(1)
o Urokové miery (vpravo) - AR(2)

plr)

0.8 - b) Estimated Autocorrelation (—) and partial (- . . .
s ) ; . {. ) P ) b) Estimated autocorrelation {—) and partial
. o autocorrelation functions with confidence -0.8- : S .
; autocorrelation () functions with confidence
intervals -1

intervals

ARMA modely cast 1: autoregresné modely (AR) — p.59/59
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