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Intervention Analysis and Qutliers Detection

diiay W) giue ey OIS A ) Alilisiall e i | ey Leaie Jaill Jylasi aadiiyg
A Elaal Sl I8 o Aiagia A i A elld Caasg g sy 5l Aige 5l Al
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3/1/2006 765 4/1/2006  613.25 5/1/2006  116.75
3/2/2006 753 4/2/2006 626 5/2/2006 115
3/4/2006 716 4/3/2006 632 5/3/2006 115
3/5/2006 720 4/4/2006 647 5/4/2006  117.25
3/6/2006 740 4/5/2006 669 5/6/2006  105.75
3/7/2006 719 4/8/2006 134.5 5/7/2006 108
3/8/2006 690 4/9/2006 129 5/8/2006 106
3/9/2006 703 4/10/2006  116.25 5/9/2006 102.5
3/11/2006 682 4/11/2006  104.75 5/10/2006 103
3/12/2006 650 4/12/2006  111.25 5/11/2006 99.5
3/13/2006 618 4/15/2006  103.5 5/13/2006  109.25
3/14/2006 588 4/16/2006 112 5/14/2006  118.25
3/15/2006 617 4/17/2006 113 5/15/2006 112
3/16/2006 647 4/18/2006  101.75 5/16/2006 101
3/18/2006 668 4/19/2006  111.75 5/17/2006  99.75
3/19/2006 635 4/22/2006 116 5/18/2006 102
3/20/2006 640 4/23/2006 115 5/20/2006  100.5
3/21/2006 630 4/24/2006 114 5/21/2006 98
3/22/2006 599 4/25/2006 122 5/22/2006  97.75
3/23/2006 570 4/26/2006  119.75 5/23/2006 93
3/25/2006 542 4/27/2006 116 5/24/2006 9%
3/26/2006 544 4/29/2006 112 5/25/2006  94.25




3/27/2006 571 4/30/2006 112.5 5/27/2006 93.5
3/28/2006 599 5/28/2006 94

3/29/2006 628 5/29/2006 95.5
5/30/2006 96.75
5/31/2006 96.75
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U R 8 il Jas
library(stats)

library (tseries)

>
>
> sales = read.ts("C:/Documents and Settings/amb/Desktop/ts
+ in R/sales.txt",header=TRUE)

>

plot.ts(sales, type="1",1lwd=2,xlab="Sales Data")

i \NAVA%%Y]

160
I

sales
140
|

120
I

AWM A

| | | |
0 50 100 150

Sales Data

Alasiuly Jasill g dluliciall ¢ s 3als

> sales.b = sales[1:103]
ade ARIMA(p,d,q) 35 (ki
ALolodall a5 -]
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sales.b
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PACF 5 ACF J) 52 pms 53 -2

Series sales.b

100
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Series sales.b

0.5

Partial ACF
0.0

-0.5

T

5 10

15 20

Lag

Aluliall e 138 sabas ARTMA(2,0,0) 0S5 3855 e daliiall (f Jaadl

> fit.b = arima(sales.b,order=(c(2,0,0)))
> fit.b
Call:
arima(x = sales.b, order = (c(2, 0, 0)))
Coefficients:
arl ar2 intercept

1.2248 -0.8231 119.8952

s.e. 0.0549 0.0541 0.1730

sigma”2 estimated as 1.087:
= 311.77

15

log likelihood = -151.88,

aic

Gahaill 33 9a (e (3813 -3



> tsdiag(fit.b)

Standardized Residuals

| |
O_ |||||||‘ | |I | ||| || |||| || ||||| ||| |||

T T T T T
0 20 40 60 80 100

Time

ACF of Residuals

1.0

ACF
-0.2 04

p value
04 0.8

I I
o
[e]

0.0

lag

> hist (fit.bS$residuals)
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Histogram of fit.b$residuals

w _
>
[&]
g 24
=}
o
0
I
0 -
o
T T T T 1
-2 -1 0 1 2
fitb$residuals

> gqgnorm(fit.b$residuals)
> abline(0,1)

Normal Q-Q Plot

Sample Quantiles
0
1

Theoretical Quantiles
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(CUSI e IV 6 3l lail) salieal) <l HLiY) de sane (5 i

> white.test (fit.b$residuals)
White Neural Network Test

data: fit.b$residuals
X-squared = 0.1507, df = 2, p-value = 0.9274

> ks.test(fit.bSresiduals, "pnorm")
One-sample Kolmogorov-Smirnov test

data: fit.b$residuals
D = 0.1042, p-value = 0.2130
alternative hypothesis: two-sided
> bds.test(residuals (fit.b))

BDS Test
data: residuals(fit.b)
Embedding dimension = 2 3
Epsilon for close points = 0.5239 1.0477 1.5716 2.0954
Standard Normal =

[ 0.5239 ] [ 1.0477 1 [ 1.5716 ] [ 2.0954 ]

[ 2] 2.6926 0.9694 0.2411 -1.0522
[ 3] 3.3811 0.9964 0.0404 -0.5380

18



p-value =

[ 0.5239 ] [ 1.0477 1 [ 1.5716 ] [ 2.0954 ]
[ 2] 0.0071 0.3323 0.8095 0.2927
[ 3] 0.0007 0.3191 0.9677 0.5906

> x <- factor(sign(residuals(fit.b)))

> runs.test (x)
Runs Test

data: x
Standard Normal = -0.4205, p-value = 0.6741

alternative hypothesis: two.sided

s Jaal J dlubiddll e gadaall 23 gaill o T30
I Asall el Y (o 5S8

> u = c(rep(0,103) ,rep(1,60))
QS Al A R (8 arima 4eladin) Gu @) oY) aaiing

arima(x, order = c¢(0, 0, 0),
seasonal = list(order = c(0, 0, 0), period = NA),
xreg = NULL, include.mean = TRUE,
transform.pars = TRUE,
fixed = NULL, init = NULL,
method = c("CSS-ML", "ML", "CSs"),

19



n.cond, optim.method = "BFGS",

optim.control = list(), kappa = le6)

DY Aales (bt 2 8 xreg LAl At lia oSl

> fit.inter = arima(sales2, order = ¢(2,0,0), xreg = u)

> fit.inter

Call:

arima(x = sales2, order = c(2, 0, 0), xreg = u)

Coefficients:
arl ar2 intercept u
1.2051 -0.8168 119.9514 50.3751
s.e. 0.0450 0.0443 0.1608 0.2626

sigma”2 estimated as 1.001: 1log likelihood = -232.78, aic
= 475.57

>
A Gabaall 23 salll
z, =119.95+50.387, + ! ~a,, a,~N(0,1.001)
(1—1.213+O.817B )
[0, ¢<103
‘11 ¢>103

20



z,=119.95+121z,, —0.817z,_, +50.381, +a,, a,~ N(0,1.001)

1_(Ltﬂ%
‘11 ¢>103
K
119.95+121z,_, —0.817z_, +a, ¢<103
z, = , a,~ N(0,1.001)
170.33+1.21z,_,—0.817z_, +a,, t>103

21



A Juad

ARMAX Models sl Jisaill 4l g dlas
Transfer Function Models (ARMAX Models)

o ALl jlasily U Cum Josatl) 210 3 (g sl Alla 4 Jaaill dada
| Al y Jaxill J 0 4l 280 3 gl juaie 58 (A s eie e g Ll
Jaal) aey

Sl Jhaaiyly ARMAX gzl Ulal ey ) dosadll 4l dadas b
S Aldide ey Wld e dlulddl lasd) o3 (Dynamic Regression
& ALYl Glegleall aadin) WiSe JUlby Lo dad e da s GOlaluda
Lo sl 8 alaia) el Aluduially ddagi jall dpm jlAd) e lluiial)

Andal (A s om Lo Ll ary Jhe (i i Co g Jy gl 1o 34, yla agds S
(el Ll o AT Makridakis GBS (e 3 sale Jiall 1 Jy saill i

Giob oo Bl (e Ao seme Ju i daliia ag 20000 o Ll (o sl 3k
Aedall ALY IR Jile N 038 Jl ) 98 sl (S 8wl albaill oy S

Jsall z, s dalgll Bl )l 2o 5 x (At amll B A el Bl 2 (S
Ul a5 oy AU
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v =0,v =Ly, =5v =2,v =Ly =1 :dailidug;

Gliagld) Gliadld)
ALyl FITAT
1 4 |5 1 2
Day x z
t 0 0 t
1 50 0
2 30 |5 5
3 92 |2 28
5
4 60 |1 34
0
5 50 |5 6 62
6 70 |5 315 61
0
7 30 1|2 56
2 |5
8 40 6 |1 63
0
9 80 6 |5 44
10 70 5 46
11 80 7 65
12 10 3 66
5
13 30 1 67
4
14 30 7 39
15 70 7 35
16 30 37
17 60 48
18 40 41
19 10 50
20 30 43
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| PPl f

Mz, Al Gl 5y Al el Gl G peald) e ) S
2ol el mal e lada € x, 5z, 0n A8 a8 da e OV il

sy Julat Uy jad g x aca 7 Gy g alieal)l Julasll Uy el Wl o) oKl d8Dle
Lagin A83e (s aa 5Y ) aaind Jasd)

> plot(x, z)

> z.fit = 1Im(z~x)

40 50 60
oo

30
|

20 40 60 80

> summary(z.fit)

Call:

Im(formula = z ~ Xx)

Residuals:

24



Min 190 Median

30 Max

-44.350 -8.099 2.275 17.712 22.903

Coefficients:

Estimate Std. Error t wvalue Pr(>|t])
(Intercept) 48.1046 9.8877 4.865 0.000124 **x*
X -0.0751 0.1859 -0.404 0.690952

Signif. codes: 0 ‘***’ (_001

1

‘*x/ 0.01 ‘*’ 0.05 '.” 0.1 "

Residual standard error: 19.06 on 18 degrees of freedom

Multiple R-squared: 0.008987,
0.04607
F-statistic: 0.1632 on 1 and

Adjusted R-squared: -

18 DF, p-value: 0.691

. R>=0.009 sp-value = 0.69 s sixe 3 laxiy) ol Jaay
oAbl a3y @l yib e (LSlis) LS a de jge x, al ol 138 8

a3 J oY) asall & clul Al cllad 50 ) Gl 1Sa 5 Jysail) Al o jrgle Canes

L SIS Ll

(1 ¢5) el i 3 Lemdlas 5 (%0) 0
(2 p32) e 2 Laaluii 23 (%10) 5

(3 039) a2 2 Lo 5 (%30) 25
(4 as3) Al 4D 22y Ll 23 (%20) 10
(5 p39) fbl An )l 2 Leadlas 3(%10) 5
(6 ¢.5) o1 et 323 Lot 5 (%10) 5
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i asdl b clu )l A cllaal)l o CaS cp § o serdl™ () sirall 3 sandl kil
alad s g A WS Jisatll Al eli Ja WY Al 13K Mealed
SV VoV ViV, Ve et Gl ol iy (gl 4 a0 0 sSan il
DA Jiay g 3aae W) £ gena (o 3oke sa Jaaall (8 AV 2seall il Jsaal)
e Jasy) Aldite e ALall Jy patl A1) acindl) IS
Impulse Response Weights ddaalll Llaiul) o) sl (ansi v, a1, ail
S gt g sadll A3y Transfer Function Weights Jisaill dla o)) 40
L Sulls

Z, = VX, + VX, + VX, VX, VX, VX,

=(VO +v,B+v,B’ +---+VSBS)xt

=v(B)x,
Gisadll Ay (B) e sl
(Al Jie JG L

04

0.0

Impulse response for first table
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OSIs gmnaa a5 Lo sana s Aon 9o Lganan JUlI 138 3 Adaall) el ol ) )
3 S e gana 5SS Al A ge 1Y) S O S Qe
") " e OsY) § sana oudigl mlhiadll (8 maall wl gl e ral

1SS dani 68 (S 5 Gain

v =0,v =2,v =6,v =.LLv =.1 s sall Al () 5

ala ala

Jaay) z LAY
N xt 1 2 3 4 5 6 7 8 9 10 z,
1 30 0
2 30 6 6
3 30 18 6 24
4 30 3 18 6 27
5 30 3 3 18 6 30
6 30 3 3 18 6 30
7 30 3 3 18 6 30
8 30 3 3 18 6 30
9 30 3 3 18 6 30
10 30 3 3 18 6 30

Ala s (A0 saa) 5 dagd 23U gT) 455 Aaaal) Aduial) cailSla 13) (ay odlef J sl
Steady State ) aiwy) Al Joad Cagu :\AM\ alliaa Ol ety Jo gl

1 O sena ) sl | jual g ey gain 320 (su
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=0,v, =2,v, =.6,v, =2,v, =.1 isdallglsl

s .

Jaay) z)AY
el X, 1 2 3 4 5 6 7 8 9 10 z,
1 30 0
2| 30 6 3
3 30| 18 6 24
41 30 6| 18 6 30
5 30 3 6] 18 6 33
6| 30 3 6| 18 6 33
7] 30 3 6| 18 6 33
8 30 3 6| 18 6 33
9] 30 3 6] 18 6 33
10 30 3 6] 18 6 33

Aarall dlebuiall 1 e ) Lge sana Gl ol Al Alaia) amy 33le] Jsaally
Steady 8y Al Jiad (o g da Haall Aududall o iy Jygaill Al 5 A5
. obad 8 g 22y oain 330 1 5 State
Al sV
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00 02 04 06

Impulse response for second table

00 0.2 04 06

Impulse response for third table

s Ja gl Ad1a 223 gall Ay JLEY)

(S« Bivariate Transfer Function Model _siall 40U Jysadll dlla 73 50
Omle (plSE 8 A5US
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:J oY) Jsd)
Y =v(B)X,+N,
output series ) AY! duludia =} Cua
input series JaaY) dluluie = X
dacall Aliie ey Vo le Jig Al gAY @l il pwa = N
Cov(X,,N,)=0,Vt ol S noise series

dasadll dlly ds o koG V(B)Z(VO+VIB+VZBz+-'-+VkBk)

adla CJ)AJ UJS-' Lﬁéjj V(B)=(V0+VIB+VzBZ+"')=iVI-Bi \_11_1;\}

i=0
i“/‘ < oo hll it of aag Stable () sie sl
i=0

3 :'m\ LAY

w(B)B’
z, = X, +n,
5(B)
ol
a)v(B)Bb + Hq (B)
t xt al
5.(B) " ¢,(B)
w,(B)=w,-®B-w,B’ -0 B
5 (B)=1-8B-6,8"—~5B
0, (B)=1-0B—0,B"—---—0,B
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¢p(B):1_¢1B_¢2B2—"'—¢po

Gl bl Vo8 2,

Gy dosaill ey X (2 X,

x, oo Aflue g elay dain dluliia g
i e dilidamadlael p sg 57 55 9b

 AUIS Al O S n o g

_o(B)B"  6,(8) :
zZ, = 5.(B) xt+¢p(B)at, a, WN(O,GG)
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Asaall #3 gad Jaaad g Ja gl Ay JSG paatiBale ) iy

anlia e Aall 235k s oman v ( B) Jasadll Al 2 jall 3 sl (55 352
ba s, kadpand p (h)#0 oSk ad el p (k) =0 Aadlodn 8
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Alulicia <l )Y sal) YL ABleY) e (5 oedl) By Jaad x Jaay) dluli

A e s ati Ca g adaill YL U el A Giland) st 7 7] AY)

e Y1 G Clagdl

116.44 119.58 125.74 124.55 122.35 120.44 123.24 127.99
121.19 118.00 121.81 126.54 129.85 122.65 121.64 127.24
132.35 130.86 122.90 117.15 109.47 114.34 123.72 130.33
133.17 134.25 129.75 130.05 133.42 135.16 130.89 123.48
118.46 122.11 128.75 127.09 114.55 113.26 111.51 111.73
114.08 114.32 115.03 124.28 132.69 134.64 133.28 128.00
129.97 128.35 123.90 122.45 122.85 129.28 129.77 127.78
134.29 140.61 133.64 135.45 130.93 118.65 120.34 120.35
117.09 117.56 121.69 128.19 134.79 128.93 121.63 125.43
126.80 131.56 126.43 116.19 112.72 109.53 110.38 107.31
93.59 89.80 88.70 86.64 89.26 96.51 107.35 110.35

102.66 97.56 98.06 103.93 115.66 112.91 116.89 116.84

109.55 110.63 111.32 117.09

202.66 232.91 272.07 290.97 299.09 296.95 279.49 255.75
242.78 255.34 271.58 268.27 260.51 266.34 281.24 286.19
271.97 265.01 274.44 291.81 290.91 264.95 228.40 209.33
231.69 281.56 327.16 344.24 324.74 289.36 262.92 263.65
276.38 276.34 258.27 242.89 255.98 278.53 273.21 246.37
221.10 210.41 222.19 245.27 262.58 283.25 311.12 326.28
322.04 295.37 266.69 253.07 249.12 253.59 262.13 279.66
302.92 310.77 307.83 313.19 312.80 301.23 286.64 257.17
229.60 227.62 238.21 252.07 269.86 291.62 314.06 318.56
289.11 255.88 249.81 268.82 288.24 281.26 250.92 222.26

51



209.94 213.30 207.19 186.13 171.20 170.33 183.69 211.30
252.66 286.20 279.45 237.06 193.40 180.79 215.73 264.98
294 .07 299.08 271.10 230.56

COLaludiall JLaay A el sY) a0 C gas
> rm(list=1s())

> data<-read.csv(file.choose (), header=T)

LN;L”JIS —alall J\,ﬁ;g\ J‘P R )@.LS& \:ﬁsuﬁ C’_ﬂ.ll:u.“ —ala ‘)17\3;:}(

7 R Console

Loading required package: zoo

*tseries’ wversion: 0.10-22

*tseries’ i= a package for

fioamcc, Select file
See 'library(help="tseries" Lok in: | E}ts nR v| 0 g-j'. [ -
3 [£] last 20100625 18 22,txt [£] R last sessio
Attaching package: 'TSA' 9 |pEquations.doc SyncToyDire
My Recent Y lydiaPinkham. csv &7 Time Series |
i ¢ Documents | (] lydiaPinkham. s {57 Time: Series |
The zol lowing. objece {a) — makridakis20100525, Rhistory [Z) tr makridakis
@ [£] makridakis Adver Sales 20100613.txt [£] TRANSFER F
:zf;ua Desktop E] makridakis Adver Sales pS01 20100525, txt TransFerFun
[£] makridakis Adver Sales p501. it t'ansferHW.
: [ makridakis take 1.RData = IsA.pdf
The following object (s) ‘;) makridalds take 1.Rhistory 1slect|.|re4.R
iy Lol makrikadis 20100525.RData SpjTaw
s %] makrikadis TRANSFER FUNCTION EXAMPLE. tet B univariate T
E] magurecad does not work. tt
» data<-read.csv(file.choose (), 37' E:Maﬂﬂ - Time Series Analysis - James D Hamilton - 1994.pdf
"2-|New Introduction to Multiple Time Series Analysis.pdf
My Computer

& il | 2
g File name: |Iydia Pinkham csv b | L Cpen J
My Network | Files of type: [ A files - v| [ cancel |

> adver ts (saladv$adver)
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> sales = ts(saladv$sale)

: SIS A2 aal) O biiall au
> ts.plot(sales, adver, gpars=list(xlab="year", ylab="Sales
X Advertising",col=c("blue", "red") ,hlwd=2))

legend ("topright", pch = c("-","-") , col =c("blue","red")
, c("Sales", "Advertise"),lwd=2)
B — les,.

o o H ﬁ%vemse

cC O —
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L

= o |
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i 2

™

o e WU’\/\/'\_/

D p—

0 20 40 60 80 100

year
Z, C\);‘}” M.m&xj X, d\ia}(\m
cx, JAaY) Alulude and ga Jhgad Al 23 i eliy 3 (S gY) 5 hadll -]

x, JiaY) Alliid SPACF 5 SACF (anii -

> acf (adver)

> pacf (adver)
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L5 8]
s
% |
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[ T o i O T T D A e
2
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o I I I I
5 10 15 20
Lag

Gball (sl duai g J5¥) 3 il 23l 3 e e x o) SACF Llail (e Jaadls
> dadver = diff (adver)

> acf (dadver)

> pacf (dadver)
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Series dadver
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|
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Lag

5 SACF iy andyy b e Caal Ly 5 axy J0Y) dlalide of Jaadl
AR(2) s» Jaay) dluliia e gaday 73 gai Juadl o AIC plasinls s SPACF
73 saill 138 ukas
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> fitdadver = arima(dadver, order = c¢(1,0,1),include.mean =

F)
> fitdadver
Call:
arima (x = dadver, order = c¢(1l, 0, 1), include.mean = F)
Coefficients:
arl mal

-0.2998 0.7822

s.e. 0.1438 0.0896

sigma”2 estimated as 21.91: 1log likelihood = -293.52, aic

= 593.05
>

(1+0.2998)(1- B)x, =(1+0.7822B)a,, a, ~ N(0,21.91)

S8l e 5abinal) dyeanill el JLEY) sl sl o i

> tsdiag(fitdadver)

56



Standardized Residuals
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2 4 -] & 10
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3 )a8al) daniall Alulutiall

a,= 4, (B)/6,"(B)]x
(1+0.2998B)
(1+075228) 1 B

alphat lgew

> alphat = fitdadver$residuals
> plot.ts (alphat)

> acf (alphat)

> pacf (alphat)
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ACF

Partial ACF
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~ (1+0.2998B)

a, = (1-B)z,

(1+0.7822B)
Al G s 130 AT A LS ) #Uins Cagu g 5l 13¢) betat  Lepanis

a0 S8 (a al) 13 o 58V R (8 8352 5l filter

> cl =fitdadver$coef[1]
> c2 =fitdadver$coef[2]
> myfilter = function(x,y,phi,theta) {y =
ts(rep(0,length(x)))

if (length(theta) > 0 &&length(phi) > 0 &&
any (phi != 0))

for ( i in 2:length(x)) {

y[i] = x[i]+ phi*x[i-1]+theta*y[i-1]}

v}
> alphat = myfilter (x = dadver,y, phi = cl, theta = c2)
> betat = myfilter(x = dsale,y, phi = cl, theta = c2)

> acf (betat)
> pacf (betat)
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Series betat

1.0
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Partial ACF

SCCF (sl il Ll 5l 11y aa 53 ) A dlididia e dpdail) Gaadai 2ey

> cd = ccf(betat,alphat)
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betat & alphat

04

ACF
0.0
|
==

-0.4

Lag

Q
Q.
]

ccf (betat,alphat)
cd[0:15]
sdr = sd(betat)/sd(alphat)

v
v
Il

nu = sdr*aa$acf

nu

[,1]
[1,] -0.28784778
[2,] -0.47181896
[3,] 1.25608891
[4,] 2.12998617
[5,]1 1.04804748
[6,] -0.68933946
[7,]1 -1.56934028
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[8,1

[9,1
[10,]
[11,]
[12,]
[13,]
[14,]
[15,]
[16,]

> plot (nu, type="h")

.40711067
.11707579
.43346998
.38775943
.18078461
.02584237
.02181128
.02838994
.04830890

> abline (0,0)

>

nu
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ugﬁwﬁajzsy

> sd(alphat)
[1] 4.752239
> sd(betat)

[1] 17.00630

L =2 55=2 5b=2 ¢ v, Llal (e laadls

Gl ardtiis § =(§

' eyt .
1""’5r) u\‘)jmuj\ L.\\)JSA J\Aﬂy

S —_ -1

3, =A"h

14’“: Vb+s+i—j S_HZJ
710 S+i<j

hi :Vb+s+i

i,j=12,..r

>b =2
>s =2
>r =2
> a = matrix(c(rep(0,r*r)),r,r)

> for (i in 1:r) {for (j in 1l:r) {if (s+i < j) a[i,j] =0
else a[i,j] = bb[b+s+i-j+1]}}

> h = c(rep(0,r))

> for (1 in 1l:r) { h[i] = bb[b+s+i+l]}

> deltah = solve(a)%*% h

N §=(5,,6,) e g
> deltah
[,1]
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[1,] 1.0075392
[2,] -0.8249332

CEMall e A 5Y) (@) A Ol y0ia aa g3

@oo =V,
J
— — >
Z i b+] —i Vb+j’ r=s
J A AN A . |
Z Vs i Vpr o J=120r
@.. == r<s
JO rooa
151 bt ji T b+j, j=r+l...s
I= )

;g;UﬂS

> if (r>=s) { omega = c(rep(0,s+1))

omega[l] = bb[b+1]

for(j in 1:r){ttemp = 0

for (i in 1:j) {ttemp = ttemp + deltah[i]*bb[b+1+j-i]}
omega[j+1l] = ttemp - bb[b+1l+j]} } else { {omega =
c(rep(0,s+1))

omega[l] = bb[b+1]

for(j in r+l:s){ttemp = 0

for (1 in 1:r) {ttemp = ttemp + deltah[i] *bb[b+1+j-i]}
omega[j+1l] = ttemp - bb[b+1+j]}

for(j in 1l:s){ttemp = 0

for (1 in 1:r) {ttemp = ttemp + deltah[i] *bb[b+1+j-i]}
omega[j+1l] = ttemp - bb[b+1+j]}} }

- A / - . waert
4#}&\(0::(a%,a%,ab) gﬂ)dbaauﬁ
> omega

[1] 1.25350909 -0.84863376 0.04794291
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w, =1.25350909, w, =—0.84863376,, = 0.04794291 s
SUlS 77, daall dAldidia s s 400 5 slaall

> tt =filter (dadver, nu,method ="convolution",sides =
1l,circular = F)
> ns = dsale - tt

> nseries = ts(ns[length(nu) :length(dsale)])

Léxcbinugc"éJ*ﬁj

> acf (nseries)

Series nseries

1.0

ACF

-05 00 05

> pacf (nseries)
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Series nseries

&

[ ]
% = ||| | ]L
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E et ol e e e e e e e e e e e e e e e e e e e e et et ettt ettt et e et et et et e e e e
L=
I

1

9 I I

5 10 15
Lag

z3salll Lgle 3adaty 8 Ll (QUSH (e Y1 o 3adl lail) Jalasll (e a3l

sl 358 ARIMA(2,0,1)
> nfit = arima(nseries, order=c(2,0,1),include.mean = F)
> nfit
Call:
arima (x = nseries, order = c(2, 0, 1), include.mean = F)

Coefficients:
arl ar2 mal
0.7348 -0.8066 0.2376
s.e. 0.0793 0.0681 0.1383

sigma”2 estimated as 16.09: 1log likelihood = -237.26, aic

= 482.51
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' 0.2376 ' 0.7348  —0.8066

0= :((0-1383)]’ 2 0=(h4:) :((0.0793) (0.1383)} 3

.02 =16.09
(dsY) el 23 gl
(1.25+0.858-0.058°) (1-0.03B)
i m (1-1.01B+0.083B%) = +(1—0.79B+0.8132)a”
a, ~WN(0,16.1)

 SUlS il 23 gaill eUadY) ey ja & sane ()5S Ailgall allaall il
3 -1

z, =0z + 40z  +@xX,_,—0OX,_, —OX_, ,t=b+s+1

n o=y —z 2slgaai2
o (-3

a=n—-¢n_+---+¢n_ +6a_+-60a_,t2b+s+p+l

t—q°

phi = c(c3,c4)
theta = c(c5)
r=length (deltah)
s=length (omega) -1
p=length (phi)
g=length (theta)
yit = c(rep(0,length(dadver)))
for (i in b+s+1l: (length(dadver)-b)) { for(j in 1l:r) { ttd =
deltah[j]*yit[i-j]}
for(j in 1:s) {tto = omega[j]*dadver[i-b+1-7j]}
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yit[i]=ttd+tto}
yits = ts(yit, start=2, end=100)
nt = dsale - yits
ait = c(rep(0,length(dadver)))
for (i in b+s+p+l: (length(dadver)-p)) { for(j in 1l:p) { ttd
= phi[j]l*nt[i-]j]}
for(j in 1:q) {tto = theta[j]l*ait[i-j]}
ait[i]=ttd+tto}
aits = ts(ait, start=2, end=100)
aitsf <- function(dadver,dsale,b,delta,omega,phi, theta) {
r=length (deltah)
s=length (omega) -1
p=length (phi)
g=length (theta)
yit = c(rep(0,length(dadver)))
for (i in b+s+1l: (length(dadver)-b)) { for(j in 1l:r) { ttd
= deltah[j]*yit[i-j]}
for(j in 1:s) {tto = omega[j]*dadver[i-b+1-7j]}
yit[i]=ttd+tto}
yits = ts(yit, start=2, end=100)
nt = dsale - yits
ait = c(rep(0,length(dadver)))
for (i in b+s+p+l: (length(dadver)-p)) { for(j in 1:p) {
ttd = phi[j]l*nt[i-j]}
for(j in 1:q) {tto = theta[j]l*ait[i-j]}
ait[i]=ttd+tto}
aitsf = ts(ait, start=2, end=100)
aitsf}

Al st minpack.lm 488 20455 &5 4
library (minpack.1lm)

parStart <- c(deltah,omega,phi, theta)
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nls.out <- nls.lm(par=parStart, fn = aitsf)

s gal) AN 7 gad (Guadall TSA AiSa aladici)

LIS sad Ay (Gaadai] TSA A4S aiion (b gas i) JUl

> rm(list=1ls())
> library (TSA)
> data =read.csv(file.choose (), header=T)
# C:\Documents and Settings\amb\Desktop\ts in
#R\xls\makridakis Adver Sales p50l.csv
> data
t adver sale
1 0 116.44 202.66
100 99 117.09 230.56
> adver = ts(data$adver)
> sale = ts(data$sale)
>
makril=arimax (diff (sale) ,order=c(2,0,1) ,xtransf=lag(diff (ad
ver) ,-2) ,transfer=1list(c(2,2)) ,method='ML', include.mean=F)

> makril

Call:
arimax(x = diff(sale), order = c(2, 0, 1), include.mean =
F, method = "ML",

xtransf = lag(diff (adver) ,h-2), transfer = list(c(2,
2)))

Coefficients:
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arl ar2 mal T1-AR1 T1-AR2 Tl1-MA0 T1-MA1l T1-MA2
1.5087 -0.9439 -0.9089 1.1305 -0.7551 0.082 -0.2070 1.6624
s.e.

0.0667 0.0441 0.0696 0.0257 0.0235 0.084 0.1051 0.0838

sigma”2 estimated as 13.87: 1log likelihood = -273.83, aic = 563.66

arl = ¢ =1.5087,
ar2 = ¢, =-0.9439,
mal = 6, =-0.9089,
T1-AR1 = 6, =1.1305,
T1-AR2 = 6, =-0.7551
T1-MA0 = w, = 0.082,
Tl-MAl = o =-0.2070,
T1-MA2 = o, =1.6624
A Gehaall 73 saill ()5S0

0.082—0.2078 +1.6624 B>
N ).
(1 +1.13058B —0.755132) 2

N (1-0.9089B)
(1 ~1.5087B — 0.943932)

Z,

a,, a,~WN(0,13.87)
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sJagail) dd1a 77 gal aladiidy padil)

Box- Ui 4 M dluluiall e Jy a3 Alls Grdail forecast 4:iSa pidiug (b su
(&1,a0 Jkil) Jenkins

> library (forecast)
> BJsales

Time Series:

Start =1

End = 150

Frequency 1
[1] 200.1 199.5 199.4 198.9 199.0 200.2 198.6 200.0 200.3
201.2 201.6 201.5
> BJsales.lead
Time Series:
Start =1
End = 150
Frequency =1
[1] 10.01 10.07 10.32 9.75 10.33 10.13 10.36 10.32 10.13
10.16 10.58 10.62
> yvar <-BJsales
> xvar <-BJsales.lead
> yxvar <- auto.arima(yvar, xreg=xvar)
> summary (yxvar)
Series: yvar

Regression with ARIMA(1,1,1) errors

Coefficients:
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arl mal drift xvar
0.8429 -0.6152 0.4030 -0.1718
s.e. 0.0812 0.1155 0.2593 0.3127

sigma”2 estimated as 1.799: 1log likelihood=-253.24
AIC=516.48 AICc=516.9 BIC=531.5

Training set error measures:
ME RMSE MAE MPE
MAPE MASE ACF1
Training set 0.01044087 1.318572 1.033739 0.005077292
0.4555999 0.8903301 -0.0123175
aledl s 10 @5 Al i) BJsales.lead _sxiall Baaa a8 A5 (o g

> newx <- ts(c(12.92,12.64,12.79,13.05,12.69,13.01,12.90,13.12,12.47,13.5) ,frequency = 1)

> forecast (yxvar, xreg=newx,h=10)

Point Forecast Lo 80 Hi 80 Lo 95 Hi 95
151 263.0806 261.3618 264.7993 260.4520 265.7091
152 263.4432 260.7219 266.1646 259.2813 267.6052
153 263.7459 260.0910 267.4008 258.1563 269.3356
154 264.0414 259.4869 268.5960 257.0758 271.0070
155 264.4533 259.0258 269.8809 256.1526 272.7540
156 264.7567 258.4816 271.0319 255.1597 274.3537
157 265.1410 258.0436 272.2384 254.2865 275.9955
158 265.4745 257.5803 273.3687 253.4014 277.5476
159 265.9625 257.2967 274.6282 252.7094 279.2156
160 266.1660 256.7535 275.5784 251.7708 280.5611

> ff <-forecast(yxvar, xreg=newx,h=10)
> plot(£ff)
>
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Forecasts from Regression with ARIMA(1,1,1) errors
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astsa 4siSa aladi)
(» Cardiovascular Mortality 4xall 23Sl 3l 6l e <ilily adiiug Cogu

> 51970 4l e Los Angles 4 4 Pollution <l e i 4l

1979

B & paiall

cmort (Cardiovascular Mortality) be sl Sl ol dae Jaw gia
tempr (Temperatures) 3l ds )3 Jass g
part (Particulate levels) Le susl gall 8 U glall dae o 5ia

(Wl e (S5 a1 1)) astsa 4iSa Culs
> install.packages ("astsa")

> library (astsa)
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Ol Jas 53
> trend = time(cmort) - mean(time (cmort))

> plot.ts(cmort)

130
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! |

70
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M, =0 +oM,  +oM, , + pt+ BT, +FE+LE, +a,
P =part 5 T =tempr s M = cmort <us

ALl & i) (e danie (585 s ARIMAX(p =2, g = 0) g sail) Gukai ¥
> u = ts.intersect (M=cmort,Ml=lag(cmort,-1) ,M2=lag(cmort, -
2), Tl=lag(tempr,-1) , P=part,P4=lag(part-4),b trend)
> sarima(uf,1], 0,0,0, xreg=ul[,2:7])
initial wvalue 1.622759
iter 1 value 1.622759
final wvalue 1.622759
converged
initial wvalue 1.622759
iter 1 value 1.622759
final wvalue 1.622759
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converged

Sfit

Call:

stats::arima(x = xdata, order = c(p, d, gq), seasonal =

list (order = c(P, D,

Q) , period = S), xreg = xreg, optim.control =

list(trace = trc, REPORT = 1,

reltol = tol))

Coefficients:
intercept

trend

M1 M2 Tl P P4

40.2932 0.3190 0.3157 -0.1961 0.1210 0.021

0.4837

s.e. 4.6285 0.0372 0.0391 0.0307 0.0186 0.018

0.0955

sigma”2 estimated as 25.67: 1log likelihood = -1536.06,

aic = 3088.11

$degrees_of freedom

[1] 4098
Sttable

Estimate
intercept 40.2932
M1 0.3190
M2 0.3157
Tl -0.1961
P 0.1210
P4 0.0210

O O O O O b

SE t.value p.value

.6285 8.7055 0.0000
.0372 8.5826 0.0000
.0391 8.0846 0.0000
.0307 -6.3828 0.0000
.0186 6.5102 0.0000
.0180 1.1633 0.2453
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trend -0.4837 0.0955 -5.0642 0.0000

SAIC
[1] 4.27324

SAICc
[1] 4.277776

$BIC
[1] 3.331798

Model: (0,0,0) Standardized Residuals
-
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Zasall oz A Ay sima e Py o) a3l
Mz = :Bo + ¢1Mz—1 + ¢2Mz—2 + ﬂlt + ﬂZT;—l + :B3Pz +aq,

> sarima(uf,1], 0,0,0, xreg=ul[,2:7][,-51)
initial wvalue 1.624097
iter 1 value 1.624097
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final value 1.624097
converged

initial value 1.624097
iter 1 value 1.624097
final value 1.624097
converged

Sfit

Call:
stats::arima(x = xdata, order = c(p, d, q), seasonal =
list(order = ¢ (P, D,

Q) , period = S), xreg = xreg, optim.control =

list(trace trc, REPORT =1,

reltol = tol))
Coefficients:
intercept M1 M2 Tl P trend
40.2077 0.3222 0.3166 -0.1947 0.1321 -0.4806
s.e. 4.6341 0.0371 0.0391 0.0307 0.0160 0.0956

sigma”2 estimated as 25.74: 1log likelihood = -1536.73,
aic = 3087.47

$degrees_of freedom

[1] 499
Sttable

Estimate SE t.value p.value
intercept 40.2077 4.6341 8.6765 0
M1 0.3222 0.0371 8.6806 0
M2 0.3166 0.0391 8.0985 0
Tl -0.1947 0.0307 -6.3325 0
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P 0.1321 0.0160 8.2666 0
trend -0.4806 0.0956 -5.0275 0

SAIC
[1] 4.271956

SAICc
[1] 4.276362

$BIC
[1] 3.322149

Model: (0,0,0) Standardized Residuals
-+
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e
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.gguihacijaﬂ\o\li=>uj
73 sailly il

> sarima.for(u[,1l],n.ahead,2,0,0,0,0,0,0, xreg=time(ul,1l]),
newxreg=nureg)
$Spred

Time Series:
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Start = ¢ (1979, 40)
End = c (1980, 11)
Frequency = 52

[1] 83.28959 85.30583 83.52185 83.61793 82.88304 82.59994
82.15185 81.82657 81.48211 81.18158 80.89099 80.62301
80.36851 80.12907 79.90149

[16] 79.68514 79.47841 79.28035 79.08991 78.90625 78.72860
78.55627 78.38865 78.22522

$Sse
Time Series:
Start = ¢ (1979, 40)
End = c (1980, 11)
Frequency = 52

[1] 5.652002 6.109661 6.961128 7.346426 7.719485 7.965258
8.167390 8.316790 8.434760 8.525260 8.596115 8.651190
8.694286 8.727960 8.754336

[16] 8.774995 8.791193 8.803895 8.813861 8.821682 8.827821
8.832641 8.836425 8.839397
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> Time
dyndnliﬁSA?Milu!

> install.packages ("dynlm")
> library (dynlm)

> u2 = ts.intersect (Tl=lag(tempr,-1) , P=part,P4=lag(part-

4) ,trend)
> fit = dynlm(cmort~u2)

> summary (fit)

Time series regression with "ts" data:

Start = 1970(2), End = 1979(39)

Call:

dynlm(formula = cmort ~ u2)

Residuals:

Min 190 Median 30 Max
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-14.580 -4.170 -0.629 3.464 32.001

Coefficients:

Estimate Std. Error t wvalue Pr(>|t])

(Intercept) 114.74251 2.95843 38.785 < 2e-16 ***
u2T1l -0.48975 0.03386 -14.466 < 2e-16 **x*
u2P 0.16561 0.02402 6.895 1.63e-11 **x*
u2P4 0.05719 0.02345 2.439 0.0151 *

u2trend -1.44344 0.10532 -13.705 < 2e-16 **x*

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 '.” 0.1 "
"1

Residual standard error: 6.626 on 501 degrees of freedom

Multiple R-squared: 0.5653, Adjusted R-squared: 0.5618
F-statistic: 162.8 on 4 and 501 DF, p-value: < 2.2e-16
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MTS 48 axiiasi Chgas . 2010 ale o a1 )l is 51980 ale

R * (Multivariate Time Series)

> library (MTS)
> gda=read. table ("g-gdp-ukcaus. txt" , header=T)

5 a5 JeY claalie 6 A jlan el Bk
> head(gda)
year mon uk ca us

1 1980 1 172436 624794 5908500
2 1980 4 169359 623433 5787400
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3 1980

4 1980

5 1981

6 1981

> tail (gda)
year mon

121 2010 1

122 2010 4

123 2010 7

124 2010 10

125 2011 1

126 2011 4

>

> plot.ts(gda[,3:5])

uk
325360
328836
330860
329189
330724
331263

ca
1312845
1320294
1328350
1338481
1350078
1348342

7 169038 623215 5776600
10 167180 630215 5883500
1 166052 645957 6005700
4 166393 651954 5957800

us
12937700
13058500
13139600
13216100
13227900
13271800

qdal[, 3:5]

lbudall a3

uk
200000 250000 300000 350000

1200000
1

600000 800000

1.0e+07

us

6.0e+06
1

0 20

40

&0 80

Time
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> gdp=log(qdal[,3:5])
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Js¥) Gl 3al AT 5yt yee Dbl
> z=diffM (gdp)

> z=z*100

el A gdiaa A singularity 208 355 p2e laal 100 (A W
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Time
MTS & VARorder Alall adaing 8 gu 3 e 9o G luludall o) a3l
gasadll A o e o il
> VARorder (z)
selected order: aic = 2
selected order: bic = 1

selected order: hgq = 1

Summary table:

P AIC BIC HQ M(p) p-value
[1,] O -3.3250 -3.3250 -3.3250 0.0000 0.0000
[2,] 1 -4.2520 -4.0484 -4.1693 115.1329 0.0000
[3,] 2 -4.3333 -3.9260 -4.1678 23.5389 0.0051
[4,] 3 -4.2926 -3.6817 -4.0444 10.4864 0.3126
[5,] 4 -4.2661 -3.4516 -3.9352 11.5767 0.2382
[6,] 5 -4.1508 -3.1326 -3.7372 2.7406 0.9737
[7,] 6 -4.0801 -2.8583 -3.5838 6.7822 0.6598
[8,] 7 -3.9869 -2.5615 -3.4079 4.5469 0.8719
[9,] 8 -4.1260 -2.4969 -3.4642 24.4833 0.0036
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[10,] 9 -4.0586 -2.2259 -3.3141 6.4007 0.6992
[11,] 10 -3.9683 -1.9320 -3.1411 4.3226 0.8889
[12,] 11 -3.9726 -1.7326 -3.0626 11.4922 0.2435
[13,] 12 -3.9872 -1.5436 -2.9945 11.8168 0.2238
[14,] 13 -4.0408 -1.3935 -2.9654 14.1266 0.1179

>

dllas oY1 525 VAR(1) 5 VARMA(L,0) &) ¢ =0 5p =2 ¢ s
z 3 sall

> ml=VAR(z,2)

Constant term:

Estimates: 0.1258163 0.1231581 0.2895581
Std.Error: 0.07266338 0.07382941 0.0816888

AR coefficient matrix
AR( 1 )-matrix

[,11 [,2] [,3]
[1,] 0.393 0.103 0.0521
[2,] 0.351 0.338 0.4691
[3,] 0.491 0.240 0.2356

standard error

[,1] [,2] [,3]
[1,] 0.0934 0.0984 0.0911
[2,] 0.0949 0.1000 0.0926
[3,] 0.1050 0.1106 0.1024

AR( 2 )-matrix

[,1] [,2] [,3]
[1,] 0.0566 0.106 0.01889
[2,] -0.1914 -0.175 -0.00868
[3,] -0.3120 -0.131 0.08531
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standard error

[,1]

[,2]
[1,] 0.0924 0.0876 0.0938
[2,] 0.0939 0.0890 0.0953
[3,] 0.1038 0.0984 0.1055

Residuals cov-mtx:

[,1]

[,3]

[,2]
[1,] 0.28244420 0.02654091 0.07435286
[2,] 0.02654091 0.29158166 0.13948786
[3,] 0.07435286 0.13948786 0.35696571

"order"

det (SSE) 0.02258974

AIC = -3.502259

BIC = -3.094982

HQ = -3.336804

> names (ml)
[1] "data" "cnst"

"bic"
[7] "hg" "residuals"

"PhO"

> resi=ml$residuals

Ljung-Box Statistics:

m Q (m) df

[1,] 1.000 0.816 -9.000
[2,] 2.000 3.978 0.000
[3,] 3.000 16.665 9.000
[4,] 4.000 35.122 18.000
[5,] 5.000 38.189 27.000
[6,] 6.000 41.239 36.000
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[,3]

"secoef"

p-value

1.00
1.00
0.05
0.01
0.07
0.25

"coef"

"Sigma"

"aic"

" Phi "



[7,1

[8,1

[9,1
[10,]
[11,]
[12,]
[13,]
[14,]
[15,]
[16,]
[17,]
[18,]
[19,]
[20,]
[21,]
[22,]
[23,]
[24,]

7.

8.

9.
10.
11.
12.
13.
14.
15.
l6.
17.
18.
19.
20.
21.
22.
23.
24.

000
000
000
000
000
000
000
000
000
000
000
000
000
000
000
000
000
000

47.
61.
.366

67

76.

81.

93.
105.
1lle6.
128.
.704
138.
1l46.
l62.
171.
174.
182.
190.
202.

134

> mg(resi,adj=18)

621
677

930
567
112
327
279
974

552
256
418
948
913
056
276
141

45.
54.
63.
72.
81.
90.
99.
108.
117.
126.
135.
144.
153.
l62.
171.
180.
189.
198.

000
000
000
000
000
000
000
000
000
000
000
000
000
000
000
000
000
000
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.37
.22
.33
.32
.46
.39
.31
.28
.21
.28
.40
.43
.29
.28
.40
.44
.46
.41



p-values of Ljung-Box statistics

1.0

prob
06
!

04

02
I

0.0
)

>
el =3 saill (55K

Z,| T, 10393 0.103 005217 Zw | [ 0000 0 07 Z u
Z,|= ua, +|0.351 0.338 0.4691|Z,_, ., |+]-0197 0 O||Z_,, |+4,
Z,, 0491 0.240 023567 | [-0.301 0 0]l7z

a,) ~WN ) a

!’Aluk
i=|f,|=[0.1258163 0.1231581 0.2895581]

ﬁus
se(f)=[0.0726633 0.0738294 0.0816888]

97



0.393 0.103 0.0521
® =|0.351 0338 0.4691
0.491 0.240 0.2356

0.0790 0.0686 0.0000
se(®,)=| 0.0921 0.0875 0.0913
0.1027 0.0963 0.1023

[ 0.000 0 O]
®,=-0.197 0 0
| —0.301 0 0

0.0000
se(®,)=| 0.0921
0.1008

oS O O
o O O

0.29003669 0.01803456 0.07055856
ia =10.01803456  0.30802503 0.14598345
0.07055856  0.14598345 0.36268779

uk ca us
f’(O) :uk 0.2924 0.0182 0.0711
ca [0.0182 03084 0.1472
us |0.0711 0.1472  0.3657

aiﬁLAJ?d\Abud‘&;tﬂgéﬂ;,c;jAﬂ\reﬁne.k**ﬂ\@ga}ﬂKJUHgj&ﬁd\

> m2=refVAR (ml, thres=1.96)

Constant term:
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Estimates: 0.1628247 0 0.2827525
Std.Error: 0.06814101 0 0.07972864

AR coefficient matrix
AR( 1 )-matrix

[,11 [,21 [,3]
[1,] 0.467 0.207 0.000
[2,] 0.334 0.270 0.496
[3,] 0.468 0.225 0.232

standard error

[,1] [,2] [,3]
[1,] 0.0790 0.0686 0.0000
[2,] 0.0921 0.0875 0.0913
[3,] 0.1027 0.0963 0.1023

AR( 2 )-matrix

[,11 [,21 [,3]
[1,] 0.000 0 0
[2,] -0.197 0 0
[3,] -0.301 0 0

standard error

[,11 [,21 [,3]
[1,] 0.0000 0 0
[2,] 0.0921 0 0
[3,] 0.1008 0 0
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Residuals cov-mtx:

[,1] [,2] [,3]
[1,] 0.29003669 0.01803456 0.07055856
[2,] 0.01803456 0.30802503 0.14598345
[3,] 0.07055856 0.14598345 0.36268779

det(SSE) = 0.02494104
AIC = -3.531241

BIC = -3.304976

HQ = -3.439321

>

:C,ﬁid\Gﬁjaﬂlayaaéﬂ\dﬂJgﬁiﬁ‘
Clia C'J)A-m O 1Y Lad L) 5 yasdil MTSdiag PRI AT

> MTSdiag (m2,adj=12)

[1] "Covariance matrix:"
uk ca us

uk 0.2924 0.0182 0.0711

ca 0.0182 0.3084 0.1472

us 0.0711 0.1472 0.3657

CCM at lag: O

[,1] [,21 [,3]
[1,] 1.0000 0.0605 0.218
[2,] 0.0605 1.0000 0.438
[3,] 0.2175 0.4382 1.000
Simplified matrix:

CCM at lag: 1
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CCM at lag: 2

CCM at lag: 23

CCM at lag: 24

Hit Enter for p-value plot of individual ccm:

o it a
o _| w | w |
o o o
Bies el @igar opiaeey) @08 e sn e e
o | o | a |
T T T T T T T T T T T T T T T T T
6 5 10 15 20 0 5 10 15 20 6 5 10 15 20
lag lag lag
(=T L= Q
o e e
s S o 7
B B LRy BBty B Bl
o | o | a |
B T T T T i T T T T W T T T T
¢ 5 10 15 20 ¢ 5 10 15 20 ¢ 5 10 15 20
lag lag lag
o o a
o | [ o |
o o o
O e s e § 2 Tt i ST = o oL e ST
o | o | = |
=T T T T T "BE] T T T T T W] T T T T T
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
lag lag lag
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Hit Enter to compute MQ-statistics:

p-value

10

08

08

04

02

0.0

Significance plot of CCM

Ljung-Box Statistics:
Q (m)

[1,1]
[2,]
[3,1
[4,1]
[5,1
[6,1]
[7,1
[8,1
[9,1
[10,]
[11,]
[12,]

© 00 J4 oo U dx W dhD BB

B R R
N B O

m

.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00

1

37

64

.78
12.
22.

41
60

.71
41.
44 .
51.
.87
72.
81.
86.
98.

65
95
50

50
58
12
08

10

lag

df

15.
24.
33.
42.
51.
60.
69.
78.
87.
96.

.00
.00
00
00
00
00
00
00
00
00
00
00
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p-value
.00
.00
.09
.04
.14
.35
.45
.31
.36
.37
.51
.42




[13,] 13.
[14,] 14.
[15,] 15.
[16,] 16.
[17,1 17.
[18,] 18.
[19,]1 19.
[20,]1 20.
[21,] 21.
[22,] 22.
[23,] 23.
[24,] 24.
Hit Enter

ik

ca

us

20 <10 00 10

15 05 05 15

00
00
00
00
00
00
00
00
00
00
00
00
to

112.
121.
.58
139.
145.
152.
165.
175.
180.
.40
193.
204.

134

187

obtain

31
89

16
85
56
91
22
56

78
65

105.
114.
123.
132.
141.
150.
159.
168.
177.
186.
195.
204.

00
00
00
00
00
00
00
00
00
00
00
00

.30
.29
.22
.32
.37
.43
.34
.34
.41
.46
.51
.47

O O O O O O O o o o o o

residual plots:

20

40

60 &0 100 120

time:

20

40

60 &0 100 120

time:

20

40

60 &0 100 120

time:
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il axy 23 gaill JSE iy g

Gl}aﬂ!dﬂjﬁﬂ’ﬂeﬂ

Al il ghad =8 I il 5w MY VARpred Alall addiu (b g

> VARpred (ml, 8)

orig

125

Forecasts at origin:

[1,1
[2,1
[3,1
[4,1
[5,1
[6,1]
[7,1
[8,1

uk
.3129
.2647
.3143
.3839
.4412
.4799
.5068
0.5247

O O O O o o o

O O O O o o o

ca

.05166
.31687
.48231
.53053
.56978
.59478
.60967
.61689

O O O O O o o

125

us
.1660
.4889
.5205
.5998
.6297
.6530
.6630
.6688

Standard Errors of predictions:

[1,1
[2,1]
[3,1
[4,1]
[5/1
[6,1]
[7,1
[8,1
Root

[,1]
.5315
.5804
.6202
.6484
.6629
.6692
.6719
.6729

O O O O O o o o

O O O O O o o o

[,2]

.5400
.7165
.7672
.7785
.7824
.7838
.7842
.7843

O O O O o o o

[,3]

.5975
L7077
.7345
. 7442
.7475
.7484
.7486
0.

7487

mean square errors of predictions:

[,1]

[,2]

[,3]

[1,] 0.5461 0.5549 0.6140
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[2,1
[3,1
[4,1]
[5/1
[6,1]
[7,1
[8,1

vV V V V V V VvV YV

o O O O o o o

.6001
.6365
.6601
.6689
.6719
.6730
.6734

O O O O o o o

.7799
.7879
.7832
.7841
.7844
.7844
.7844

library (forecast)

library (ggplot2)

library (vars)

m3 <- VAR(z, p=2,

fanchart (m3pre)

O O O O o o o

library(ggfortify)

.7499
.7456
.7484
.7488
.7488
.7487
.7487

type="const")

m3pre <- predict(m3, n.ahead=8,ci=0.95)
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Fanchart for variable uk

o)
[ = | w ]
f\ll —
T T T T T T T
0 20 40 60 80 100 120
Fanchart for variable ca
]
B! p
f\ll —
T T T T T T T
0 20 40 60 80 100 120
Fanchart for variable us
o]

o -

-
'

0 20 40 &0 a0 100 120

> m3 <- VAR(z, p=2, type="const")
> m3pre <- predict(m3, n.ahead=8,ci=0.95)
> fanchart (m3pre)

> summary (m3)

VAR Estimation Results:

Endogenous variables: uk, ca, us
Deterministic variables: const

Sample size: 123

Log Likelihood: -290.487

Roots of the characteristic polynomial:
0.6136 0.6136 0.356 0.3321 0.3321 0.03676
Call:
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VAR(y = z, p = 2, type = "const")

Estimation results for equation uk:

Estimate Std. Error t value Pr(>|t])

uk.1l1 0.39307 0.09342 4.208 5.11e-05 **x*
ca.ll 0.10311 0.09838 1.048 0.297
us.1ll 0.05214 0.09113 0.572 0.568
uk.12 0.05660 0.09237 0.613 0.541
ca.l2 0.10552 0.08756 1.205 0.231
us.1l2 0.01889 0.09382 0.201 0.841
const 0.12582 0.07266 1.731 0.086

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 '.” 0.1 ‘"
"1

Residual standard error: 0.5473 on 116 degrees of freedom
Multiple R-Squared: 0.3829, Adjusted R-squared: 0.3509
F-statistic: 11.99 on 6 and 116 DF, p-value: 1.907e-10

Estimation results for equation ca:

ca = uk.ll + ca.ll + us.1ll + uk.12 + ca.l2 + us.l2 + const

Estimate Std. Error t value Pr(>|t])
uk.1ll 0.351314 0.094917 3.701 0.000330 ***
ca.ll 0.338142 0.099963 3.383 0.000979 ***
us.1ll 0.469094 0.092589 5.066 1.55e-06 ***
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uk.1l2 -0.191350 0.093856 -2.039 0.043747 *
ca.l2 -0.174833 0.088964 -1.965 0.051780
us.1l2 -0.008678 0.095326 -0.091 0.927624
const 0.123158 0.073829 1.668 0.097984

Signif. codes: 0 ‘'***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 '.” 0.1 "
1

Residual standard error: 0.556 on 116 degrees of freedom
Multiple R-Squared: 0.5238, Adjusted R-squared: 0.4992
F-statistic: 21.27 on 6 and 116 DF, p-value: < 2.2e-16

Estimation results for equation us:

us = uk.1ll + ca.ll + us.ll + uk.12 + ca.l2 + us.1l2 + const

Estimate Std. Error t value Pr(>|t])

uk.1l1 0.49070 0.10502 4.672 8.08e-06 ***
ca.ll 0.24000 0.11060 2.170 0.032053 *
us.ll 0.23564 0.10245 2.300 0.023226 *
uk.1l2 -0.31196 0.10385 -3.004 0.003265 **
ca.l2 -0.13118 0.09843 -1.333 0.185259
us.1l2 0.08531 0.10547 0.809 0.420253
const 0.28956 0.08169 3.545 0.000568 ***

Signif. codes: 0 ‘'***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 '.” 0.1 ‘"
1

Residual standard error: 0.6152 on 116 degrees of freedom
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Multiple R-Squared: 0.3606, Adjusted R-squared: 0.3276

F-statistic: 10.9 on 6 and 116 DF, p-value: 1.325e-09
Covariance matrix of residuals:

uk ca us
uk 0.29949 0.02814 0.07884
ca 0.02814 0.30918 0.14791
us 0.07884 0.14791 0.37851
Correlation matrix of residuals:

uk ca us
uk 1.00000 0.09248 0.2342
ca 0.09248 1.00000 0.4324
us 0.23416 0.43236 1.0000
> fitted (m3)

uk ca us

1 -0.126152688 0.35769170 0.55767599
2 -0.115813466 1.01674969 0.49520689
3 0.311217253 1.68419755 1.38859806
120 0.832302327 0.80898826 0.95763976
121 0.599422267 0.52452712 0.55610531
122 0.146020537 0.24536897 0.14184938
123 0.464762464 0.57918518 0.85372651
> plot (m3)
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Diagram of fit and residuals for us
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10l A Juadl)
Cralls @.’AJ.AJ Adlall slad CSLA.\

State Space Models and Kalman Filtering

Ll ol Lgiaalia (Sa¥ (X} 43l sdie Llae Ll () 5, Aa)) o liad 2 3al b
S QSN (e J W1 6l lail) [Y] Lenld s Lgiamlie (S Al e lae
O G (Ll sl Lgiaalia (SaY g} (815 Lol 5 Liaalie oKy {7,

ilas daim pe (] Dleally Ll Ay i Al 283y Aai o (V] Aoleal)

J b e Juadl alag) sa U LBaa a3l e s Adadl) A1) (o liie) (Say

AY,s <t} Dy X,

e iadai (Say ARMA( p,q) hlee Jie die 3l COlduiiall 7 3lai (o 22l

LY, eR" 5 X e R 4l e dilgatie IS5 e cliia 13 Alal) oliad JS4

State Equation Al dalea (o yay GOl purdial) 2220 Alad) gliad G..JJA..\

X, =AX +Bg

tt+1

e R* (1)

Observation salial dalaa Xt e RF 4kl Lg,AA)” Aaie Y Caan LﬁM‘J

Equation

Y =CX, +n, eR" (2)
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A5 Q, =cov(e,)=E(gg)) o 1Y) n, ~WN(O,R,)

t21 8 m, 58 5 X, ol bad pa i Gises R =cov(n,)=E(nn))
13 ddayl jie e VER? 5 WeRP il sdiall gleaiall of Jiy ) ddayl jia ye

e ALl of 0 .(E((W—E(w))(v_ E(V))') W ERIER

(2) 5 (1) SEall Ciin 13) Al elimd Sk L) (7))

i1 Jue
OS5 ebiay Ao Aluliia {77 1 e R (S

Y= +1,
bt ) g

U, =a+bt
: IS ALl o liad 8 AL ¢ Sas Jaseadl) 3 sl 14
LU X Alall anie o e
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:\J\Aj\:\h\.:m‘_;cdm;.\ y7 :Iut-|-b 435xl) %y
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el Gle wiaY C s B=B, 5 A Slisiadl (¥
:2 Jla
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Al astia

!
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Xt+1 = AXt + B8t+1
Q:J\JEBLJAAJ‘ XJJLJLA‘9
Y =CX

sba¥) z3 saill (525 Allall eliad (e Ol (385 1 e

:3 Juia
Al cliad K3 e MA(q) dalee (Jiiad

2
z,=a,+6a,_ +--+0a, ., a -~ WN(0,0' )

non observable 2LUidll e AR 4xtia o i

X, =(¢,¢ gt_q), e R™

t t2%t-12°"°>

(g+1)x(g+1) dm¥ 34 hadl

0 0
1 0 0
A=|0 1 0
0 O 1 0

(g+1)x1 a1 3 48 simall

Ix(g+1) AV i3 48 siunall
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Al Adotas o Jianid

X,.,, =AX, +Bg,
Glaaliall dalaa g
Y =CX

t

sba¥) z3 saill (525 Allall eliad (S Ol (385 1

14 JGa

z,=¢z,,++@,z ,+a,+60a_+--+0a,_,

a, ~ WN(O,O‘Z)

Alal) asia

X =(Z z z ELE £ )leRp“’

t E2t—12 9 S pil1 99199 C gl

¢1 ¢2 ¢p—1 ¢p 6’1 ‘92 eq—l eq
1 O «««+ 0 0 O -« oo v 0

O 1 O 0 : :

0 O 1 o0 O 0
A=

0 O 0

1 O 0

0 0

0 o+ v o 0 0 - 0 1 0
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B=(1 0 - 0 1 0 - 0)

(p+1) &013 Jandl 5 Js¥) Jasd) vie | dadl) 3265 Cum
lx(p+q)qu;\1m\5:@,smmj

C=(1 0 - 0)
Alal) Dslas Je Jasis

X,, = AX, +Bg,,
Glaaliall Adalaa g
Y, =CX,

sba¥) z3 saill (525 Allall eliad (e Ol (335 1 e

The Kalman-Filter ¢l i 1

State Equation JS& e ziaii Sl Allall eliad o3l 8 dpulul) A5

X, =AX, +Bg, R

tt+l1

Observation Equation

Y =CX, +0,eR"”
cov(e,n,)=E(en)=0 sm, ~WN(O,R,) s& ~WN(0,Q,) Cu=
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X, Smlie (Saall e Al ante a8 4 oa

Al e X e () )SE IS0 X0 Alal) dnial e (3L (Say Jaall
Alall o2 5. Kalman Recursions QLS O ) S5 o2 cansiy Y, 328l
G e dniin g (S At ) Aludidia 73 503 JS1 30 e 3085 43y 5k e Juans
Al elizad =3 gad

Best Linear Prediction b (e Juamdl Glua 8 2
X =DY, +--+DY, (3)

el fexom Al Al Gl gheadd) o Guay Y, Y, ¥y X Al aaid

' . ¢ ' ¢
E[(X—X) (Xt—Xt)j=E [Xt—ZDjYJj [Xt— DJYJ}
j=1 j=1
= min £ LXt— D’]ij (Xt— D;Y]J (4)
oD, - <
rhua b

(S Y, = C X, 41, Al o el Alal) anidl Xt Sl gEa 1)
E((X,-X,)Y)=0, 1<s<i
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o edle o e e I B shoan b B((X, - X, )Y/ ) o 1Y

Y, eR” 50 dG X — X, e RF geaa IS
Kalman Gain (balls 3045 gl uusa

Yvie Y- Y AV X Asiall s e Juadl X oS4

X =A.X,
g, I e a5 Y - Y AYY X asiall el oiie Juadl g
@l s <t K1y day yia ye Y, g ol dad gl e Alal) Aalas

e Jeanileie U5 (X, -X,)Y/)=0, I<s<t-10f

DY Y, Y, e adine Y, andall ok (it JuadlS
E((Y,-Y,)Y))=E((C,(X,-X,)+n,)¥/)=0, I1<s<-1

s<t S Y 5 of sy

i

A - E((Xt X )(X,-X, )’j
0588 w8 Wadll Covariance Matrices ») <l sicas
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(A (XK )(A (5K
(%)) A (x%))

(2]

=A,_A_A _ +B,_QB

o i) (S Ay phall iy aodallhdday jie e X —X | sE e IS OY

+E((B,_g,)

E((Yt -Y)(Y,-Y, )'j ~CAC +R,

,
X, =A X dhuls X aaiadl Wbl Y- Y Gaals Wl . il
il Cppeant] A8l e slaall o2 aladin) Wiey (aia Y Y aablis Wil (i yiail
X, 30 Juadl e Jhan Cuny K, 48 ghoaall Canai Cogu 13g] X 4aiall X
S Y, Y, e i

X, +K,(Y,-Y,)=X,
Wadlois s B((X, -X, )Y/ =0, 1<s<r Sem K, 5ol e

O3k o e K oo

A b

o _»

ﬁqmﬂd;‘;a K, 48 iaall

~

K (CAC +R,)=AC
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b il Say Ladl
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Y| Prediction Step 35 b sha cusas A5 X | o
X =A_ X,
Y =CX (5)

& A A A, +Bl 1Qt t—1
A, s )A(t Baaall aidll 3 K, s Updating Step <yl 3 5ha 8

K, =AC (CAC’+R)

X, =X +K,(Y,-Y) (6)
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Xt+h = At+h—1Xt+h—19 h 2 1

@ Y, il 50l A5 shall 0585 5 X = X, &Y sl

Yt+h = Ct+h5(t+h ’ h 2 1

Y=u+e¢, ¢ ~WN(O,O'2)
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A=A_-KA =A_ —%
t t—1 t—t-1 t—1 At_1+02

5 A, =E((Xt _fg)Z)zo of Ly

2
O

0<A, =A_,——-<A
A t+o

-1

058 QUL s Decreasing and Bounded Sequence 4oailiis g 53 gana 4a)liia

2
O

=A=0

A=lmA, =A

#=>0 A+o’

. A \2 A \2 s . .
sl E((Xt—Xt) )=E((u—Xt) )—>0 Lol ya Jans s 0 (ina 139
limK, =0 Wallal A 5 X, 4d¥ adll jLis) oS lege siall ) Js5
{—0

BoaS 1 osSilavie X aiall Ll Capatly Y ALl Claaliall o a3

Yt+hJYt+h E#hﬂ&ﬂ\@f&p&d&\ﬁi

E((Yt+h _Yt+h)2) = E((ﬂ"‘gmz _)A(r)z)

E((y—)?t)z)JrE(gih)—)O

:R & dlm 4aadl

Alal) ddalas

X, =GX_+w,, w,~N (0,W,), X, ~N, (m,C,))

saaliall Aalas
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Y, =FX, +v,, v,~N,(0,V,)
j‘;\jﬂ“;&‘- mxpjpxp Jl.’_tik_!b}aﬁjﬂ‘).ﬂ: Ft‘jGt QQM‘L_}:\;

E(v,w,)=0,V¢

State Equation A=)l s

X,=GX_+w,, w,~N (0,W,), X, ~N, (m,C,))

€

tt+1

( X, =AX, +Bg, R g ~WN(0,Q,))

Observation Equation 5Ll dalas
Yt = FtXt + Vt’ Vt - Nm (O’Vt)
(Y =CX,+1n,eR" n,~WN(O,R,))

Ct:Ft > Rt :Vt’ At: Gt > Qt - “]t > Bt:I
dim 40533 m 42y C,,W,G,V,F S saiadl (el dlm 4 sl 8
m0 5 CO,W,GG,V,FF _»=l=l\S Object

:dlm Object 353l JUia

&Uﬂ\ 4l an daa ca‘;?\j.&aj\ ‘5&.«5\ CJ}A.J dlm Object Al §3 8 g
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Y =u+v, v,~N(0,V)
o= +w, w~N(0W)

MU FF=GG=10galss W=02 5V =14 O (i Cosu

m0=0 5 C0=10

> rw = dlm(m0 = 0, CO =10, FF =1, V=1.4, GG=1, W=
0.2)
> unlist(rw)

mO Cco FF v GG W

0.0 10.0 1.0 1.4 1.0 0.2
> rw
SFF

[,1]

[1,1 1

sv
[,1]
[1,] 1.4

$GG
[,1]
[1,1] 1

SW
[,1]

[1,] 0.2

$mo
[1] O

$co
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[,1]
[1,1 10

> is.dlm(xrw)
[1] TRUE
>

> y = rnorm(100)

> yfiltred = dlmFilter(y, rw)
> yfiltred
'

lilud) A g3

O\_AJIS G&f .~.j .

[1] 0.26423211 1.42962164 -0.32765109 -0.53537696

[97] 0.99822551 0.11139582 -1.12928248 -0.53325193

$mod
S$SFF

[,1]
[1,] 1

Sv

[,1]
[1,] 1.4

$GG
[,1]

[1,1 1

SW
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[,1]
[1,] 0.2

SmO
[1] O

$Co

[,1]
[1,1 10

Sm
[1] 0.000000000 0.232342029 0.837544270 0.379239833

[96] 0.951045739 0.164082162 0.425357595 0.327016585 -
0.129134229
[101] -0.255714422

$u.c
$U.C[[1]]
[,1]
[1,] 1
$U.C[[2]]
[,1]
[1,1] 1
$U.C[[99]]
[,1]
[1,] 1
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$U.C[[100]]
[,1]
[1,1 1

$U.C[[101]]
[,1]
[1,1 1

$D.C

[,1]
[1,] 3.1622777
[2,] 1.1095199

[99,] 0.6622058
[100,] 0.6622058
[101,] 0.6622058

Sa
[1] 0.000000000 0.232342029 0.837544270 0.379239833

[96] 0.951045739 0.164082162 0.425357595 0.327016585 -
0.129134229

SU.R

$U.R[[1]]
[,1]

[1,1 1

$U.R[[2]]
[,1]
[1,1 1
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$U.R[[99]]
[,1]
[1,1 1

$U.R[[100]]

[,1]
[1,1] 1

$D.R

[,1]
[1,] 3.1937439
[2,] 1.1962585

[99,]1 0.7990723
[100,] 0.7990723

Sf
[1] 0.000000000

0.232342029 0.837544270

[96] 0.951045739 0.164082162

0.129134229

attr(,"class")

[1] "dlmFiltered"

> plot(y, type='o', col= 2)

0.425357595

> lines(yfiltred$m, type='o', col= 3)
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0 20 40 60 80 100

Index

adY) sl Aaid el ALial) g pealY) o slL Ala) Al
> ysmooth = dlmSmooth (yfiltred)
> ysmooth
Ss
[1] 0.1710690921 0.1744904740 0.1650916219 -0.0249543761

[99] -0.0459585254 -0.2160662077 -0.2557144225

$u.s
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$U.S[[1]]
[,1]
[1,1 1

$U.S[[2]]
[,1]
[1,1 1

$U.S[[99]]

[,1]
[1,1] 1

$U.S[[100]]

[,1]
[1,1] 1

$U.S[[101]]

[,1]
[1,1] 1

$D.s

[,1]
[1,] 0.7747213
[2,] 0.6484142

[99,] 0.5474417
[100,] 0.5866726
[101,] 0.6622058

> plot(y, type='o', col= 2)
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> lines (ysmooth$s, type='o', col =3)
>

0 20 40 60 80 100

Index

adY) ) sl sagadd) Alilidiall 3 paall sl dlaayl Albial)

attach (yforecast)

invisible (lapply (newObs, function (x)

>
>
+ lines(x, col = 4, type ='o', pch = 4)))
> lines(f ,type = 'o', 1lwd = 2, pch = 16)
>
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: AT Jla
A58 2 sis g ) 500 31 ALt e Al oliad 3 i (akad g

OLllS i e aladiul Gl s Al 63 9 Johnson & Johonson

R (& TSA 4iSa a2 Cosu
> library (TSA)
> data (JJ)
> head (JJ)
[1] 0.71 0.63 0.85 0.44 0.61 0.69
> tail (JJ)

[1] 14.85 9.99 16.20 14.67 16.02 11.61
> plot.ts (JJ)

15

10

JJ

I l I I I
1960 1965 1970 1975 1980

Time

A oy JS S dpans g 5 il aa 5 LS5 e e Alualudial) of a3l

2 O (i o ol e s) dissd ) o) a) (el ae Laaas ala 3 Al
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_Bl) Ll aadatin Wil (i yiail Allad) elizad (53 1l (e Lehadadl Al oda
Ja e (Js¥) e 3ol
yv,=T+S, +v,
(sbay dam) ball A8 j0 v, sdamsdl A8 50 §, 5l aiYI A8 50 T un
ol IS 213 35 Gl Y1 A s (il
I, =¢T  +w,
JSA e 7 3a A gall A€ pall 5 V130000 i > 1 Cas
S+S ,+8 ,+S 5=w,
(et o) el gand el ) IS (52 (ol man sl Syl (i 1
Al e 5 pading (o gw) Alall el 305k e 3 sall 1 Go il (dap
2 Al Adalas ( dlm
X, =®x,, +Ww, {Wt} ~iid N, (O,Q)
Glaalial ddalas
y,=AXx,+v,, {v}~iid N, (0,R)
gx p ¥ G Glaliall 4 deas A5 S il 8 ghas @ Dl siiad) Eua
anially iy Adaall o i yidi

Xy NNp(uoazo)
O il Yl
X, :(Tt’StaSt—p t—2),

Calaa il Aalaae ) 5S38 Allal) 4ata
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T,
S
—(1 1 0 0) *
v, =( )SH
St—2
T, ¢ 0 0
S, | |0 -1 -1
S, 1o 1 o0
s,) o o 1
g, 0 00
0 g, 00
Q= 0 0 0 0
0 0 0 0

+Vv

A Aslae

t1

Wio

9 R:]/'11 Q.\;

Gy 51y & Boiicn Aadbd s g=15 p=4 Lia (Js¥) s all ail)

) < 3% @\P 9 saill dpans sall 5l i) Gyl AalaL P s 4y 5

5 1y =(0.7,0,0,0) YN b sidll 5 §=1.03 o

04 0 O

0 04 O
X, =

0 0 04

0 0 O

0

0

0
0.4

r, =025 ¢, =001 5 ¢, =0.01 s
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A =

+ V V V V V VvV VvV

Phi

cQ
cR
kf

muO

V V.V V + + + + +

> est

num

library(dlm)
library (TSA)

data (JJ)

library (astsa)

length (JJ)
cbind(1,1,0,0)

Linn =function (para) {

diag(0,4); Phi[l,1] = parall]
+ Phi[2,]=c(0,-1,-1,-1);
Phi[4,]=c(0,0,1,0)

para[4] # sqgrt rll

KfilterO (num,

return (kf$like) }

# Initial Parameters

Phi[3,]=c(0,1,0,0);

c(.7,0,0,0); Sigma0 = diag(.04,4)

#Estimation and Results

init.par = ¢(1.03,.1,.1,.5) # Phi[l1l,1],

cQl = para[2]; cQ2 = para[3] # sqrt gll and g22
diag(0,4); cQ[1,1]=cQl; cQ[2,2]=cQ2

j3j, A, muO, SigmaO, Phi, cQ, cR)

the 2 cQs and cR

optim(init.par, Linn,NULL, method='BFGS',

hessian=TRUE,

+ control=list(trace=1,REPORT=1))
2.693644

initial

iter
iter
iter
iter
iter
iter
iter
iter

iter

© 00 J oo U b W DN

[
o

value
value
value
value
value
value
value
value
value

value

-0.853526
-9.416505

-10.
-19.
-30.
-31.
-32.
-32.
-33.

241752
419809
441188
825543
248413
839918
019870
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iter
iter
iter
iter
iter
iter
iter
iter
iter

iter

11
12
13
14
15
16
17
18
19
19

value
value
value
value
value
value
value
value
value

value

-33.
-33.
-33.
-33.
-33.
-33.
-33.
-33.
-33.
-33.

041749
050583
055492
078152
096870
098405
099018
099385
0994098
0994098

final wvalue -33.099498

converged

> SE

>u =

sqgrt (diag(solve (est$hessian)))

cbind (estimate=est$par, SE)

> rownames (u)=c('Phill"', 'sigwl', 'sigw2',6 'sigv'); u

> Phi

estimate
Phill 1.0350847657 0.00253645
sigwl 0.1397255477 0.02155155
sigw2 0.2208782663 0.02376430
sigv 0.0004655672 0.24174702
> # Smooth

> Phi[2,]=c(0,-1,-1,-1);
Phi[4,]=c(0,0,1,0)

> cQl
cQ
cR
ks

vV V.V V V Vv V

pl

Tsm

Ssm

est$par[2]; cQ2 =

SE

diag(0,4); Phi[l,1] = est$par[l]

Phi[3,]=c(0,1,0,0);

est$par[3]

diag(1l,4); cQ[1,1]1=cQl; cQ[2,2]=cQ2
est$par[4]

KsmoothO (num, jj,A,mu0,Sigma0,Phi,cQ,cR)

# Plots

ts(ks$xs[1l,,], start=1960, freg=4)

ts (ks$xs[2,,], start=1960, freg=4)
3*sqrt(ks$Ps[1,1,]); p2 =
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> par (mfrow=c(2,1))

> plot(Tsm, main='Trend Component',6 ylab='Trend')

> xx = c(time(jj), rev(time(jj)))

> yy = c(Tsm-pl, rev(Tsm+pl))

> polygon (xx, yy, border=NA, col=gray (.5, alpha = .3))

> plot(jj, main='Data & Trend+Season',6 ylab='J&J QE/Share'’,
ylim=c (-.5,17))

> xx = c(time(jj), rev(time(jj)) )

> yy = c((Tsm+Ssm) - (p1l+p2) , rev((Tsm+Ssm)+ (pl+p2)) )

> polygon (xx, yy, border=NA, col=gray (.5, alpha = .3))

Trend Component

w |
e o _|
= -
n
Sl
I I [ I I
1960 1965 1970 1975 1980
Time
Data & Trend+Season
[1¥] uw |
E 5
=
g -
= M
o3
D Fuis
[ l I I l
1960 1065 1970 1975 1980
Time

> # Forecast
> n.ahead = 12;

>y = ts(append(jj, rep(0,n.ahead)), start=1960, freqg=4)
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> rmspe = rep(0,n.ahead); x00 = ks$xf[, ,num]; P00 =
ks$Pf[, ,num]

>0 = t(cQ)%3*%cQ; R = t(cR)%*%(cR)

> for (m in l:n.ahead) {

xp = Phi%*%$x00; Pp = Phi%*%P00%*%t (Phi)+Q

sig = A%*3Pp%*3t(A)+R; K = Pp%*%t(A)%*%(1/siqg)
x00 = xp; P00 = Pp-K$*%A%*%Pp

y [num+m] = A%*%$xp; rmspe[m] = sqgrt(sig) }

vV + + + +

plot(y, type='o', main='"', ylab='J&J QE/Share'’,
ylim=c(5,30),

+ x1im=c(1975,1984))

> upp = ts(y[ (num+l) : (num+n.ahead) ]+2*rmspe, start=1981,
freqg=4)

> low = ts(y[ (num+l) : (num+n.ahead) ] -2*rmspe, start=1981,
freqg=4)

> xx = c(time(low), rev(time (upp)))

> yy = c(low, rev(upp))

> polygon (xx, yy, border=8, col=gray(.5, alpha = .3))

> abline (v=1981, 1lty=3)
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J&J QE/Share

1976 1978 1980 1982 1984

Time
TSA 4% aladiady AT JUa

Sl 1363 R e 58 e (5 A s 0

> # This example fits a structural State-space model to the
> # Johnson & Johnson quarterly earnings data
> # INITIALIZE: Set up and define parameters, matrices,
> # etc. Parameter estimates are given in book.
>A = t(c(1, 1, 0, 0))
> A
[,11 [,2] [,3]1 [,4]
[1,] 1 1 0 0
> R = .0086

> theta = 1.035

> Phi = c(theta, 0 , 0, 0, O, -1, -1, -1, O, 1, O, O, O, O,
1, 0)

> Phi
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[1] 1.035 0.000 0.000 0.000 0.000 -1.000 -1.000 -
1.000 0.000 1.000 0.000 0.000 0.000 0.000 1.000
0.000
> Phi = matrix(data=Phi, nrow=4, ncol=4, byrow=TRUE)
> Phi

[,11 [,21 [,31 [,4]
[1,] 1.035 0 0 0
[2,] 0.000 -1 -1 -1
[3,] 0.000 1 0 0
[4,] 0.000 0 1 0
>Q =1c¢c(.0169, 0 , 0, O, O, .0497, 0, O, O, O, O, O, O, O,
0, 0)
>Q

[1] 0.0169 0.0000 0.0000 0.0000 0.0000 0.0497 0.0000
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.00O0O0
0.0000
> Q = matrix(data=Q, nrow=4, ncol=4, byrow=TRUE)
>Q

[,1] [,21 [,31 [,4]

[1,] 0.0169 0.0000 0 0
[2,] 0.0000 0.0497 0 0
[3,] 0.0000 0.0000 0 0
[4,] 0.0000 0.0000 0 0

>mu = c(.55, .21, .15, .06)
> mu
[1] 0.55 0.21 0.15 0.06
> eye = ¢(1, 0, 0, 0, O, 1, 0, O, O, O, 1, O, O, O, O, 1)
> eye
[111000010000100001
> eye = matrix(data=eye, nrow=4, ncol=4, byrow=TRUE)
> eye
[,11 [,21 [,31 [,4]
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[1,1
[2,1]
[3,1
[4,]
> Sigma = eye*.01

1 0
0 1
0 0
0 0

o r O O
R O O O

> Sigma

[,11 [,21 [,31 [,4]
[1,] 0.01 0.00 0.00 O0.00
[2,] 0.00 0.01 0.00 O0.00
[3,] 0.00 0.00 0.01 0.00
[4,] 0.00 0.00 0.00 O0.01
> N = length (JJ)
>N
[1] 84

> xf = matrix(0,nrow=4,ncol=N)

> xf

matrix (0,nrow=4,ncol=N)

> xu = matrix(0,nrow=4,ncol=N)

> low.bd.fore = vector ("numeric",length=N)

# To draw upper and lower bounds; not part of the
Kalmanfilter.

> low.bd. fore

upp.bd. fore
low.bd.data

vector ("numeric" ,length=N)

vector ("numeric" ,length=N)

upp.bd.data
low.bd.upd

vector ("numeric" ,length=N)

vector ("numeric" ,length=N)

>
>
>
>
> upp.bd.upd = vector ("numeric",length=N)
> # The Kalman filter recursions:

> # The forcast and update cycle for t=1

> xf[,1] = Phi%*%mu # The forecast

> K = Sigma%*%t(A)$*%solve (A%*3$Sigma%*3t(A) + R) # The

Kalman Gain
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> xu[,1] = x£f[,1] + K&%*%$(JJ[1] - A%*%xf[,1]) # The update
> Pu = (eye - K%*3%A)%*%Sigma # The posterior error
covariance

> for(j in 2: N)

+ |

+ # The forecast

+ xf[,j] = Phi%*% xul[,j-1]

+ Pf = Phi%$*%Pu%$*%t(Phi) + Q

+ low.bd.fore[]j] = A%*$xf[,j] - 1.96*sqrt (A*3P£3*%t(A) )
# State forecast bounds

+ upp.bd.fore[j] = A%$*$xf[,j] + 1.96*sqrt (AS*ISPE£S*3t(A)

+ low.bd.data[j] = A%*$xf[,j] - 1.96*sqrt(A$*IP£3*3t(A) +

R) # Data forecast bounds
+ wupp.bd.data[j] = A%$*%xf[,j] + 1.96*sqrt (A%*SPE£%*St(A) +

+ # The update
+ K = P£%*$t (A)S$*%solve (AS*SP£$*St(A) + R)
+ =xul,j] = x£[,3j] + K$*$(IJT[J] - AS*3xf[,]])
+ Pu = (eye - K%*3A)$*3Pf
+ low.bd.upd[]j] = A%*%xu[,j] - 1.96*sqrt(A%$*%Pus*3t(4))
#State filter bounds
upp.bd.upd[j] = A%*%$xu[,j] + 1.96*sgrt (A%$*$Pu%*%st(A))
}
# Plotting

+
+

>

> par (mfrow=c(3,1))

> forecast = A%*3xf

> plot(JJ, type="1", cex = .75, main="Data",
xlab="Quarter", ylab="JJ")

> plot(t(forecast), type="1", cex = .75, main="Forecasts",
xlab="Quarter", ylab="JJ")

> update = A%$*3xu
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> plot(t(update), type="1", cex = .75, main="Updates",
xlab="Quarter", ylab="JJ")

>

15

10

15

10

data(Nile)
library (dlm)

Data and Forecasts

Data and Updates

1960 1965 1970 1975 1980

buildFun <- function(x) {
dlmModPoly (1, dV = exp(x[1l]), AW = exp(x[2]))

}

fit <- d1mMLE (Nile, parm = c¢(0,0), build = buildFun)

fit$Sconv

dlmNile <- buildFun (fit$par)

V(dlmNile)
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W(dlmNile)

StructTS (Nile, "level")
buildFun <- function(x) {

m <- dlmModPoly(l, dV = exp(x[1l]))

m$JIJW <- matrix (1)

m$X <- matrix(exp(x[2]), nc = 1, nr = length(Nile))
j <- which(time (Nile) == 1899)

m$X[j,1] <- m$X[j,1] * (1 + exp(x[3]))

return (m)

}

fit <- d1mMLE (Nile, parm = ¢(0,0,0), build = buildFun)
fit$Sconv
dlmNileJump <- buildFun (fit$par)
V (d1lmNileJump)
dlmNileJump$X[c (1, which(time (Nile) == 1899)), 1]
nileJumpFilt <- dlmFilter (Nile, dlmNileJump)
plot(Nile, type = 'o', col = "seagreen")
lines (dropFirst (nileJumpFilt$m), type = 'o',

pch = 20, col = "brown")
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attach (nileJumpFilt)

v <- unlist(dlmSvd2var(U.C, D.C))

pl <- dropFirst(m) + gnorm(0.05, sd = sqrt(v[-1]))
sqrt(v[-11))

pu <- dropFirst(m) + gnorm(0.95, sd
detach ()

2, col = "brown")

lines(pl, 1lty

"brown")

lines(pu, 1lty = 2, col

148



1400

1200

1000

Nile

800
|

800
|

1880 1900 1920 1940 1960

Time

nileJumpSmooth <- dlmSmooth (nileJumpFilt)

plot(Nile, type = 'o', col = "seagreen")

attach (nileJumpSmooth)

lines (dropFirst(s), type = 'o', pch = 20, col = "brown")
v <- unlist(dlmSvd2var(U.S, D.S))

pl <- dropFirst(s) + gnorm(0.05, sd = sqrt(v[-1]))

pu <- dropFirst(s) + gqnorm(0.95, sd = sqrt(v[-1]))
detach ()

lines(pl, 1lty 2, col = "brown")

lines(pu, 1ty = 2, col = "brown")
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> rm(list=1s())
> library (xlsx)
> sabicRet <- read.xlsx("C:/Users/ibin/Desktop/GARCH/sabic
return.xlsx",l, header=T)
> head (sabicRet)
Date Return.Sabic
2016-04-12 -0.7741766
2016-04-11 1.9703782
2016-04-10 0.7132668
2016-04-07 -1.5580737
2016-04-06 -1.0725965
2016-04-05 -0.5685575
library (tseries)
rs <- sabicRet][, 2]
head (rs)
[1] -0.7741766 1.9703782 0.7132668 -1.5580737 -1.0725965
-0.5685575

vV V. V oo 00 d W N B

> rs<- as.ts(rs)
> archl <- garch(rs, order=c(0,1), trace=F )

> summary (archl)

Call:

garch(x = rs, order = c(0, 1), trace=F)
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Model:
GARCH(0,1)

Residuals:
Min 10 Median 30 Max
-4.86273 -0.55311 0.01341 0.57947 3.55667

Coefficient(s):

Estimate Std. Error t wvalue Pr(>|t])
a0 3.37171 0.22149 15.223 < 2e-16 **x*
al 0.35467 0.08565 4.141 3.46e-05 **x*

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 '.” 0.1 "
"1

&, =3.37171, s.e(d,)=0.22149
&, =0.35467, s.e(&)=0.08565

highly significant 4 sizall Jle Laa3IS
Diagnostic Tests:

Jarque Bera Test

data: Residuals

X-squared = 101.6, df = 2, p-value < 2.2e-16
Box-Ljung test

data: Squared.Residuals
X-squared = 0.68165, df = 1, p-value = 0.409
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Frequency

Freguency
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Histogram of rs
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Histogram of Residuals

Series
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Sample Quantiles

Sample Quantiles

10

-5

-2

Q-Q Plot of rs

MNormal Quantiles

Q@-Q Plot of Residuals

MNormal Quantiles
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ACF of Squared rs

08
|

ACF
04

0.0
|

Lag

ACF of Squared Residuals

08

ACF
04

0o

Lag

> arch2 <- garch(rs, order=c(0,2),trace=F)

> summary (arch2)

Call:

garch(x = rs, order = c(0, 2),trace=F)

Model:
GARCH (0, 2)

158



Residuals:
Min 10 Median 30 Max
-4.876144 -0.556238 0.009877 0.581949 3.511916

Coefficient(s):

Estimate Std. Error t wvalue Pr(>|t])

a0 3.35301 0.22161 15.130 < 2e-16 **x
al 0.33916 0.10203 3.324 0.000887 **x*
a2 0.01359 0.04737 0.287 0.774273

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 '.” 0.1 "
"1

Ol sl (s sima s ARCH (2) of aadu

a, =0.01359, S.e(o?z) =0.04737, p—value =0.774273

Diagnostic Tests:

Jarque Bera Test

data: Residuals

X-squared = 103.26, df = 2, p-value < 2.2e-16
Box-Ljung test

data: Squared.Residuals
X-squared = 0.60612, df = 1, p-value = 0.4363

> arch3 <- garch(rs, order=c(0,3), trace=F)

> summary (arch3)
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Call:

garch(x = rs, order = c(0, 3),trace=F)

Model:
GARCH (0, 3)

Residuals:
Min 10
-4.283332 -0.523156 0.007952

Median

Coefficient(s):

3Q

0.558971

Estimate Std. Error t wvalue Pr(>|t])
<2e-16 **x*
0.0876
0.2083
1.0000

a0 4.345e+00
al 1.406e-01
a2 7.989%e-02
a3 1.031e-13
Signif. codes: 0 ‘***’ (_001
1

Diagnostic Tests:

Jarque Bera Test

data: Residuals

3.330e-01 13.
8.230e-02 1.
6.350e-02 1.
6.038e-02 0.

048
708
258
000

kK

0.01

k7

Max

3.055953

0.05

X-squared = 77.124, df = 2, p-value < 2.2e-16

Box-Ljung test

data: Squared.Residuals

X-squared = 0.2911, df = 1, p-value
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> garchll <- garch(rs, order=c(l,1), trace=F)

> summary (garchll)

Call:

garch(x = rs, order = c(1, 1), trace=F)

Model:
GARCH(1,1)

Residuals:
Min 10 Median 30 Max
-4.16467 -0.51949 0.01273 0.55640 3.23545

Coefficient(s):
Estimate Std. Error t wvalue Pr(>|t])
a0 4.597e+00 1.349e+00 3.407 0.000656 **x*
al 1.712e-01 7.540e-02 2.270 0.023178 *
bl 4.321e-14 2.713e-01 0.000 1.000000
Signif. codes: 0 ‘***’/ (0,001 ‘**’ 0.01 ‘'*’ 0.05 ‘.’ 0.1 ‘
1

[ =432x107" =0 Lay

Diagnostic Tests:

Jarque Bera Test
data: Residuals

X-squared = 76.091, df = 2, p-value < 2.2e-16

Box-Ljung test
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data: Squared.Residuals
X-squared = 0.40425, df = 1, p-value = 0.5249

> garchl2 <- garch(rs, order=c(1l,2), trace=F)

> summary (garchl2)

Call:

garch(x = rs, order = c(1l, 2),trace=F)

Model:
GARCH (1,2)

Residuals:
Min 10 Median 30 Max
-4.28458 -0.52361 0.01105 0.55187 3.07546

Coefficient(s) :
Estimate Std. Error t wvalue Pr(>|t])
a0 4.342e+00 3.599e+00 1.207 0.2276
al 1.432e-01 8.217e-02 1.742 0.0814
a2 7.351le-02 1.421e-01 0.517 0.6049
bl 5.985e-14 8.166e-01 0.000 1.0000
Signif. codes: 0 ‘***’ (0_001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1
1

Diagnostic Tests:

Jarque Bera Test

data: Residuals

X-squared = 78.169, df = 2, p-value < 2.2e-16
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Box-Ljung test

data: Squared.Residuals
X-squared = 0.29194, df = 1, p-value = 0.589

> garch2l <- garch(rs, order=c(2,1) , trace=F)

> summary (garch21l)

Call:

garch(x = rs, order = c(2, 1), trace=F)

Model:
GARCH (2,1)

Residuals:
Min 10 Median 30 Max
-4.26062 -0.53052 0.01101 0.55881 3.29839

Coefficient(s):
Estimate Std. Error t wvalue Pr(>|t])
a0 4.343e+00 1.785e+00 2.433 0.015 *
al 1.693e-01 7.392e-02 2.2901 0.022 *
bl 1.119e-02 2.673e-01 0.042 0.967
b2 2.009%e-14 3.318e-01 0.000 1.000
Signif. codes: 0 ‘'***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 '.” 0.1 ‘"
1

GARCH (2,1) 058 o oSy

Diagnostic Tests:

Jarque Bera Test
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data: Residuals

X-squared = 76.358, df = 2, p-value < 2.2e-16

Box-Ljung test

data: Squared.Residuals
X-squared = 0.32001, df = 1, p-value = 0.5716

> garch22 <- garch(rs, order=c(2,2),trace=F)

> summary (garch22)

Call:

garch(x = rs, order = c(2, 2),trace=F)

Model:
GARCH (2,2)

Residuals:
Min 10 Median 30 Max
-4.41057 -0.53848 0.01123 0.56482 3.14114

Coefficient(s):

Estimate Std. Error t wvalue Pr(>|t])

a0 4.087e+00 4.134e+00 0.989 0.3229
al 1.442e-01 7.891e-02 1.827 0.0677
a2 7.453e-02 2.332e-01 0.320 0.7493
bl 2.687e-03 1.520e+00 0.002 0.9986
b2 1.402e-13 6.341le-01 0.000 1.0000

164



Signif. codes: 0 ‘'***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 '.” 0.1 ‘"
1

GARCH (2,2) 058 of ¢Say

Diagnostic Tests:

Jarque Bera Test

data: Residuals

X-squared = 79.759, df = 2, p-value < 2.2e-16

Box-Ljung test

data: Squared.Residuals
X-squared = 0.1869, df = 1, p-value = 0.6655

>
Glaile 848l GARCH gzased didad 5 4adail fGarch 4uiSe a2 Co g
> rm(list=1ls())
> library (xlsx)
> sabicRet <- read.xlsx("C:/Users/ibin/Desktop/GARCH/sabic
return.xlsx",l, header=T)
> head (sabicRet)
Date Return.Sabic
2016-04-12 -0.7741766
2016-04-11 1.9703782
2016-04-10 0.7132668
2016-04-07 -1.5580737
2016-04-06 -1.0725965
2016-04-05 -0.5685575

o 00 &~ W N BB
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> sabicReturn <- sabicRet[,2]

> head (sabicReturn)

[1] -0.7741766 1.9703782 0.7132668 -1.5580737 -1.0725965
-0.5685575

> sabicReturn<- as.ts(sabicReturn)

> library (fGarch)

> fit = garchFit(~ garch(l, 0), data = sabicReturn, trace =
FALSE)

> fit

Title:
GARCH Modelling

Call:
garchFit (formula = ~garch(l, 0), data = sabicReturn, trace

= FALSE)

Mean and Variance Equation:
data ~ garch(1l, 0)
<environment: 0x0000000004c2a028>

[data = sabicReturn]

Conditional Distribution:

norm

Coefficient(s):
mu omega alphal

0.064918 3.349636 0.356988

Std. Errors:

based on Hessian
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Error Analysis:

Estimate Std. Error t wvalue Pr(>|t])

mu 0.06492 0.10726 0.605 0.54501
omega 3.34964 0.38298 8.746 < 2e-16 **x*
alphal 0.35699 0.11164 3.198 0.00139 *x*

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 '.” 0.1 "
"1

Log Likelihood:
-716.5673 normalized: -2.178016

Description:

Sun May 21 12:32:51 2017 by user: ibin

> fit2 = garchFit(~ garch(l, 1), data = sabicReturn, trace
FALSE)
> fit2

Title:
GARCH Modelling

Call:
garchFit (formula = ~garch(l, 1), data = sabicReturn, trace

= FALSE)

Mean and Variance Equation:
data ~ garch(1l, 1)
<environment: 0x0000000004c24270>

[data = sabicReturn]
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Conditional Distribution:

norm

Coefficient(s):
mu omega alphal betal
0.069969 3.197655 0.341206 0.039785

Std. Errors:

based on Hessian

Error Analysis:

Estimate Std. Error t wvalue Pr(>|t])
mu 0.06997 .10889 0.643 0.52051
omega 3.19766 .59651 5.361 8.29e-08 ***
alphal 0.34121 .11991 2.845 0.00443 *x*
betal 0.03978 .13017 0.306 0.75988

o O O o

Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01 ‘*" 0.05 '.” 0.1 "
"1

Log Likelihood:
-716.5108 normalized: -2.177844

Description:

Sun May 21 12:34:05 2017 by user: ibin

> fit3 = garchFit(~ garch(2, 1), data = sabicReturn, trace
= FALSE)

Warning message:

In sqrt(diag(fit$cvar)) : NaNs produced

> fit3 = garchFit(~ garch(l,2), data = sabicReturn, trace =
FALSE)
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> fit3

Title:
GARCH Modelling

Call:
garchFit (formula = ~garch(l, 2), data = sabicReturn, trace

= FALSE)

Mean and Variance Equation:
data ~ garch(1l, 2)
<environment: 0x0000000006208e68>

[data = sabicReturn]

Conditional Distribution:

norm

Coefficient(s) :
mu omega alphal betal beta2
0.06788703 3.20606677 0.34093545 0.03745789 0.00000001

Std. Errors:

based on Hessian

Error Analysis:

Estimate Std. Error t wvalue Pr(>|t])

mu 6.789%e-02 1.096e-01 0.620 0.535488
omega 3.206e+00 9.490e-01 3.378 0.000729 ***
alphal 3.409e-01 1.589e-01 2.146 0.031873 «*
betal 3.746e-02 1.314e-01 0.285 0.775591
beta2 1.000e-08 1.896e-01 0.000 1.000000

169



Signif.

"1

codes:

Log Likelihood:

-716.

5442

Description:

Sun May 21 12:35:12 2017 by user: ibin

0 ‘kkx/

normalized:

0.001

‘¥x7 0.01

-2.177946

> predict(fit,n.ahead=20,plot=TRUE)

k7

0.05

\

’

0.1"

meanForecast meanError standardDeviation lowerInterval upperInterval

0

© 00 J o0 O W N R

[y
o

V N R R R R R R R R R
© VW W J o U1 d W N KR
©O O O O O O O O O ©O O ©O ©O ©O O ©o © o ©o

.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827
.06491827

1.
.138598
.232120
.264571
.276043
.280125
.281580
.282100
.282285
.282351
.282375
.282383
.282386
.282387
.282388
.282388
.282388
.282388
.282388
.282388

N N N NN N N M M M DN DNMNDNDDNDDNDDNDDNDDNDNDNDND

851645

1

N N N NN N N DM DM M N DNDNDDNDDNDDNDDNDDNDNDNDND

.851645
.138598
.232120
.264571
.276043
.280125
.281580
.282100
.282285
.282351
.282375
.282383
.282386
.282387
.282388
.282388
.282388
.282388
.282388
.282388

170

-3.

564239

.126657
.309957
.373559
.396045
.404045
.406897
.407915
.408278
.408408
.408454
.408471
.408477
.408479
.408479
.408480
.408480
.408480
.408480
.408480

3.
.256494
.439793
.503396
.525881
.533881
.536734
.537751
.538115
.538244
.538291
.538307
.538313
.538315
.538316
.538316
.538316
.538316
.538316
.538316

T R I T T T R R R R N - T T -
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Prediction with confidence intervals

| I

|
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K

1 = X.,-196/MSE

T
0

= X+ 1.964MSE
T

20 40

60 80 100

Index

: AT Jla

3 ARMA(0,1) zse Gukil astsa s fGarch s xts<hliSe addind Co gu
31/12/2017 &> 5 1/1/2012 (e <l 48,81 il Sl GARCH(1,1)
https://www.tadawul.com.sa (= ledle J gasdl (Say A

lapply( c('xts',
sabicr <- read.csv(file.choose())
sbr <- sabicr[, 3]

sbrt =
X = sbrt
head (x)
i..date
1/1/2012
1/2/2012
1/3/2012
1/4/2012
1/7/2012
1/8/2012

close

95.
96.
96.
96.
94.
95.
dx = diff (x)

plot. ts (dx)

acf2 (dx)

plot. ts(x)

75
25
75
25
50
25

as.ts (sbr)

(oo lelelNeoNe]

return

.000000000
.005221932
.005194805
.005167959
.018181818
.007936508
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X
-0.05 0.00 0.05 0.10

-0.10

> acf2 (x)

[1,1]
[2,1
[3,1
[4,1]
[5,1
[6,1]
[7,1
[8,1
[9,1
[10,]
[11,]
[12,]
[13,]
[14,]
[15,]

ACF
.09
.02
.01
.02
.00
.01
.01
.01
.02
.02
.04
.00
.04
.01
.00

PACF

.09
.01
.01
.02
.00
.01
.01
.01
.02
.02
.03
.00
.04
.01
.00

200

Time
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[16,]
[17,]
[18,]
[19,]
[20,]
[21,]
[22,]
[23,]
[24,]
[25,]
[26,]
[27,]
[28,]
[29,]
[30,]
[31,]
[32,]
[33,]
[34,]
[35,]
[36,]
[37,]
[38,]
[39,]
[40,]
[41,]
[42,]
[43,]
[44,]
[45,]
[46,]
[47,]
[48,]
[49,]

.02
.02
.01
.04
.03
.01
.02
.05
.01
.06
.03
.05
.01
.03
.00
.04
.05
.06
.03
.01
.04
.01
.01
.03
.02
.02
.01
.00
.02
.03
.06
.05
.00
.02

.02
.02
.00
.05
.02
.02
.02
.05
.01
.06
.02
.05
.02
.03
.02
.04
.05
.05
.02
.01
.04
.00
.01
.02
.00
.01
.00
.00
.02
.04
.05
.04
.01
.01
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Series: X

0.15
I

ACF
0.05
I

-0.05
|
: —

0.15
|

PACF
0.05
|

-0.05
|
:_;:

LAG
Sl gl ilall iy e GARCH(1,1) 5 ARMA(L,1) Gk ¥y
> summary(x.g <- garchFit(~arma(l,1)+garch(1,1),
data=x,cond.dist='std"'))

Series Initialization:

ARMA Model: arma
Formula Mean: ~ arma(l, 1)
GARCH Model: garch
Formula Variance: ~ garch(1l, 1)
ARMA Order: 11

Max ARMA Order: 1

GARCH Order: 11

Max GARCH Order: 1

Maximum Order: 1
Conditional Dist: std
h.start: 2
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llh.start:

Length of Series:
Recursion Init:
Series Scale:

Parameter Initialization:
Initial Parameters:
Limits of Transformations:

Which Parameters are Fixed?

1

Parameter Matrix:

mu
arl
mal
omega
alpha
gamma
betal
delta
skew
shape

-0.
-0.
-0.
0.
1 0.
1 -0.
0.
0.
0.
1.

U
10367074
99999999
99999999
00000100
00000001
99999999
00000001
00000000
10000000
00000000

10

HFRRORRO

2.
10.
10.

params includes

1499
mci
0.01528974
$params
$U, SV
Sincludes
v
.1036707 0.01036543
.0000000 0.16222075
.0000000 -0.07347188
.0000000 0.10000000
.0000000 0.10000000
.0000000 0.10000000
.0000000 0.80000000
0000000 2.00000000
0000000 1.00000000
0000000 4.00000000

Index List of Parameters to be Optimized:

mu arl mal omega alphal betal shape
1 2 3 4 5 7 10
Persistence: 0.9
-—-- START OF TRACE ---
Selected Algorithm: nlminb
R coded nlminb Solver:
0: 1737.2297: 0.0103654 0.162221 -0.0734719
0.100000 0.800000 4.00000
1: 1709.4794: 0.0103655 0.158897 -0.0767846
0.100744 0.785211 3.99939
2: 1693.7152: 0.0103656 0.152116 -0.0835431
0.118564 0.784780 3.99903
3: 1686.3205: 0.0103657 0.145525 -0.0901354
0.141566 0.799177 3.99905
4: 1684.3202: 0.0103663 0.136821 -0.0989758
0.142114 0.799107 3.99824
5: 1676.9314: 0.0103679 0.121111 -0
0.144743 0.811834 3.99641
6: 1672.6731: 0.0103716 0.118519 -0
0.139368 0.835518 3.99274
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TRUE
TRUE
TRUE
TRUE
TRUE

FALSE

TRUE

FALSE
FALSE

0.

0.

0.

0.

0.

TRUE

100000

0721444

0474851

0489988

0231014

.115019 0.0353113

.118236 0.0209918



7:
0.141335
8:
0.137552
9:
0.132117
10:
0.127024
11:
0.121011
12:
0.114722
13:
0.108134
14:
0.100508
15:

1672.5651:

0.845571

1672.2967:

0.857585

1671.40091:

0.859102

1671.3364:

0.867089

1671.0455:

0.873757

1670.8252:

0.878927

1670.5342:

0.882753

1670.2578:

0.892629

1670.0605:

0.0993227 0.895727

16:
0.102884
17:
0.118326
18:
0.115036
19:
0.106892
20:
0.114052
21:
0.107893
22:
0.107305
23:
0.104932
24:

1669.7734:

0.892394

1668.1689:

0.887967

1666.7377:

0.901951

1666.5159:

0.912354

1666.1720:

0.902914

1666.0883:

0.908580

1665.9784:

0.909244

1665.8391:

0.911055

1665.6024:

0.0923633 0.928090

25:

1665.4337:

0.0970101 0.925033

26:

1665.3500:

0.0978826 0.924534

27:
0.102410
28:
0.103915
29:

1665.1667:

0.921671

1665.0581:

0.920370

1664.8900:

0.0103729
3.99155
0.0103754
3.98890
0.0103798
3.98436
0.0103864
3.97756
0.0103950
3.96857
0.0104044
3.95874
0.0104305
3.93059
0.0104537
3.90468
0.0104791
3.87570
0.0105039
3.84722
0.0108186
3.49309
0.0111398
3.13862
0.0111833
3.12598
0.0112615
3.11480
0.0113354
3.10076
0.0114288
3.08644
0.0118784
3.03105
.0131149°
.93132
.0138980
.90828
.0135027
.89992
.0123381
2.87121

oOMODMODMO

0.

0.

.118361

.118819

.111459

.115478

.113570

.111996

.113574

.111527

.112811

.116926

.145659

.155036

.156242

.161237

.164617

.170467

.204002

.316585

.463577

512019

588117

-0.

-0.

-0.

-0.

-0.

-0.

-0.

-0.

-0.

-0.

-0.

-0.

-0.

0.0115494 0.622870 -0

2.86360

0.00994495 0.691813 -0.727861

0.00710583 0.108554 0.917013 2.84235
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118540

118383

126181

122698

125338

127694

.128300

.132628

.133941

132408

137739

160775

.163954

.167897

.173610

.180142

.216268

333049

484924

535890

617202

.656233

.0128174

.0155316

.0131596

.0102110

.0109042

.00963238

.0104547

.00809538

.00830881

.00815764

.00958739

.00575791

.00662426

.00781201

.00630957

.00704338

.00726013

.00427751

.00482091

.00513468

.00580616

.00644891



30: 1664.6775: 0.00818608 0.715655 -0.
0.00817033 0.117106 0.910844 2.82086

31: 1664.4274: 0.00652580 0.764326 -0.
0.00878412 0.120094 0.907895 2.83625

32: 1664.1782: 0.00571635 0.785287 -0
0.00926662 0.122376 0.907152 2.84156

33: 1663.8692: 0.00411728 0.829131 -0
0.00965410 0.126311 0.904373 2.83598

34: 1663.7047: 0.00356755 0.848602 -0
0.00896157 0.126988 0.903718 2.83424

35: 1663.4570: 0.00246939 0.887158 -0
0.00930922 0.128254 0.903326 2.83174

36: 1663.2762: 0.00219012 0.903740 -0
0.00900345 0.128122 0.904893 2.83521

37: 1663.1478: 0.00191092 0.917235 -0.
0.00829966 0.127381 0.905077 2.83694

38: 1663.0351: 0.00163531 0.931131 -0.
0.00840351 0.126661 0.905802 2.83917

39: 1662.9658: 0.00140159 0.940196 -0.
0.00772368 0.123279 0.907665 2.85052

40: 1662.8560: 0.00166455 0.929975 -0.
0.00593554 0.107188 0.916971 2.90174

41: 1662.7965: 0.00120703 0.945284 -0
0.00481387 0.0943480 0.924902 2.93688

42: 1662.7930: 0.00123459 0.947171 -0
0.00530045 0.0951023 0.924879 2.93508

43: 1662.7699: 0.00124741 0.947370 -0
0.00499458 0.0952252 0.924532 2.93662

44: 1662.7646: 0.00127309 0.944848 -0
0.00511230 0.0963204 0.923600 2.93906

45: 1662.7585: 0.00133744 0.943413 -0.
0.00531151 0.0977715 0.922239 2.94643

46: 1662.7580: 0.00136045 0.942612 -0
0.00529358 0.0980230 0.922075 2.94772

47: 1662.7580: 0.00135866 0.942700 -0
0.00531245 0.0980352 0.922002 2.94853

48: 1662.7580: 0.00135813 0.942719 -0.
0.00530898 0.0980245 0.922017 2.94850

49: 1662.7580: 0.00135817 0.942717 -0
0.00530943 0.0980189 0.922018 2.94852
Final Estimate of the Negative LLH:

LLH: -4603.921 norm LLH: -3.071329

mu arl mal

alphal betal shape

2.076599e-05
9.801889%e-02

177

9.427166e-01 -9.607860e-01
9.220182e-01 2.948525e+00

755722

805038

.822403

.863849

.880996

.916235

.924043

936874

949923

959012

951621

.962976

.964412

.964562

.962429

961247

.960760

.960771

960787

.960786

omega

1.241217e-06



R-optimhess Difference Approximated Hessian Matrix:

mu arl mal

omega alphal betal
mu -1.556818e+10 -8041396.8524 -3.493776e+06
1.226140e+09 5.869674e+05 4.015076e+05
arl -8.041397e+06 -24351.2565 -2.571409e+04
1.576032e+07 1.086196e+03 1.626774e+03
mal -3.493776e+06 -25714.0856 -2.982219%e+04
1.728899e+07 7.455998e+02 1.288392e+03
omega 1.226140e+09 15760317.3932 1.728899e+07
5.589552e+12 -2.872150e+08 -5.557153e+08
alphal 5.869674e+05 1086.1959 7.455998e+02
2.872150e+08 -2.948495e+04 -4.681338e+04
betal 4.015076e+05 1626.7744 1.288392e+03
5.557153e+08 -4.681338e+04 -7.938210e+04
shape 4.979607e+04 102.4048 7.588068e+01
1.865740e+07 -1.751802e+03 -2.854076e+03

shape
mu 4.979607e+04
arl 1.024048e+02
mal 7.588068e+01
omega -1.865740e+07
alphal -1.751802e+03
betal -2.854076e+03
shape -1.198930e+02
attr(,"time")
Time difference of 0.09374809 secs
--—- END OF TRACE ---
Time to Estimate Parameters:
Time difference of 0.3642411 secs

Title:
GARCH Modelling

Call:
garchFit (formula =
cond.dist = "std")

~arma (1,

Mean and Variance Equation:
data ~ arma(1l, 1) + garch(1l,

1) + garch(1,

1)

<environment: 0x0000000007a8b6b0>

[data = x]
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Conditional Distribution:

std
Coefficient(s):
mu arl mal

alphal betal shape
2.0766e-05 9.4272e-01 -9.6079%9e-01
9.8019%e-02 9.2202e-01 2.9485e+00
Std. Errors:

based on Hessian
Error Analysis:

Estimate Std. Error

mu 2.077e-05 1.688e-05 1.230
arl 9.427e-01 4.462e-02 21.129
mal -9.608e-01 3.720e-02 -25.830
omega 1.241e-06 1.107e-06 1.121
alphal 9.802e-02 3.489%e-02 2.809
betal 9.220e-01 2.613e-02 35.286
shape 2.949e+00 2.619%e-01 11.259
Signif. codes: 0 ‘'***’ (0_.001 ‘**’ (0.01
"1
Log Likelihood:

4603.921 normalized: 3.071329
Description:

Mon Jan 01 13:02:33 2018 by user:

Standardised Residuals Tests:

Jarque-Bera Test
Shapiro-Wilk Test

Ljung-Box
Ljung-Box
Ljung-Box
Ljung-Box
Ljung-Box
Ljung-Box
IM Arch T

Test
Test
Test
Test
Test
Test
est

R Chi*2
R W

R Q(10)
R Q(15)
R Q(20)
R*2 Q(10)
R*2 Q(15)
R*2 Q(20)
R TRA2

ibin

omega

1.2412e-06

AANOOAAO

k7

t value Pr(>|t])
.21873
2e-16
2e-16
.26215
.00497
2e-16
2e-16

* %k %
* %k %

* %

* %%
* %%

0.05 ‘.

Statistic p-Value

5346.221
0.911018
9.861711
13.64625
19.5071

2.355941
3.559716
6.469548
3.115992

Information Criterion Statistics:

AIC

BIC

SIC

HQIC

-6.133318 -6.108509 -6.133361 -6.124075
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5

0

0
0
0
0
0
0
0
0

.4527086
.5525097
.4891169
.9928129
.9988601
.9980963
.9946682



> plot(x.g )

Make a plot selection (or 0 to exit):

1: Time Series
Conditional SD
3: Series with 2 Conditional SD Superimposed

of Observations
5: ACF of Squared Observations
Cross Correlation

7: Residuals
Conditional SDs
9: Standardized Residuals

of Standardized Residuals

11: ACF of Squared Standardized Residuals
Cross Correlation between r*2 and r

13: Q0-Plot of Standardized Residuals

Selection: 1
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ACF

1:0

0.8

06

0.4
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ACF of Observations
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ACF

1:0

0.8
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res
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gstd - QQ Plot
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GARCH(1,1) s ARMA(0,1) Gk L
> summary (x2.g <- garchFit(~arma(0,1)+garch(1,1),
data=x,cond.dist="'std'))

Series Initialization:

ARMA Model: arma
Formula Mean: ~ arma(0, 1)
GARCH Model: garch
Formula Variance: ~ garch(1l, 1)
ARMA Order: 01

Max ARMA Order: 1

GARCH Order: 11

Max GARCH Order: 1

Maximum Order: 1
Conditional Dist: std
h.start: 2
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llh.start: 1

Length of Series: 1499
Recursion Init: mci
Series Scale: 0.01528974
Parameter Initialization:
Initial Parameters: $params
Limits of Transformations: $U, S$v
Which Parameters are Fixed? $includes
Parameter Matrix:
U v params includes
mu -0.10367074 0.1036707 0.01036675 TRUE
mal -0.99999999 1.0000000 0.08681115 TRUE
omega 0.00000100 100.0000000 0.10000000 TRUE
alphal 0.00000001 1.0000000 0.10000000 TRUE
gammal -0.99999999 1.0000000 0.10000000 FALSE
betal 0.00000001 1.0000000 0.80000000 TRUE
delta 0.00000000 2.0000000 2.00000000 FALSE
skew 0.10000000 10.0000000 1.00000000 FALSE
shape 1.00000000 10.0000000 4.00000000 TRUE
Index List of Parameters to be Optimized:
mu mal omega alphal betal shape
1 2 4 6 9
Persistence: 0.9
-—-— START OF TRACE ---
Selected Algorithm: nlminb
R coded nlminb Solver:
0: 1737.2366: 0.0103668 0.0868112 0.100000 0.100000
0.800000 4.00000
1: 1709.7726: 0.0103668 0.0833656 0.0718051 0.100670
0.784993 3.99938
2: 1694.5612: 0.0103669 0.0758967 0.0468389 0.119475
0.784965 3.99902
3: 1688.6457: 0.0103671 0.0674235 0.0496831 0.145458
0.801633 3.99905
4: 1682.6523: 0.0103681 0.0486483 0.0236293 0.144995
0.801594 3.99790
5: 1676.7422: 0.0103699 0.0204845 0.0337235 0.148688
0.812520 3.99573
6: 1672.7849: 0.0103732 0.00304183 0.0201319 0.140740
0.834189 3.99240
7: 1672.5771: 0.0103734 0.00243673 0.0206556 0.143024
0.837014 3.99226
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8:
0.838806
9:
0.842397
10:
0.848238
11:
0.135272
12:
0.131762
13:
0.124175
14:
0.884169
15:
0.106714
16:
0.106889
17:
0.107339
18:
0.107291
19:
0.107281
20:
0.107199
21:

1672.3250:

3.99183

1672.1203:

3.99117

1671.8757:

3.98949

1671.6680:

0.853354

1671.4927:

0.856766

1671.1734:

0.869623

1670.6272:

3.93288

1670.6247:

0.883960

1670.5646:

0.884253

1670.5370:

0.885261

1670.5349:

0.885290

1670.5329:

0.885406

1670.5292:

0.885479

1668.9559:

0.0728189 0.926368

22:

1667.6114:

0.0952057 0.910779

23:

1666.4610:

0.0809205 0.930090

24:

1666.3632:

0.0761488 0.935492

25:

1666.1624:

0.0772800 0.934572

26:

1666.0854:

0.0796293 0.931561

27 :

1665.8884:

0.0787754 0.934209

28:

1665.6826:

0.0916952 0.923634

29:

1665.6126:

0.0926427 0.924249

30:

1665.5904:

0.0933542 0.924095

0.0103738 0.00251038 0.0175163 0.142242

0.0103745 0.00232845 0.0178213 0.141607

0.0103762 0.00129327 0.0150680 0.138474

0.0103787
3.98688
0.0103822
3.98315
0.0103955
3.96904
0.0104289

0.0104290
3.93282
0.0104290
3.93280
0.0104293
3.93253
0.0104293
3.93249
0.0104294
3.93244
0.0104296
3.93219
.0107507
.58174
.0110964
.22690
.0112942
.13828
.0114823
.10396
.0118552
.08696
.0122630
.08198
.0137489
.03460
.0169712
.04667
.0185106
.97973
.0195867
.97723

NOMNMNOWOWOWOWOWOWOWOoOWDOo

-0.

-0.

.0165060 O.

.0164794 0.

.0161476 O.

.0161010 O.

.0160439 0.

00219471 0.0151461

.00613631 0.0137544

.00228403 0.0111333

.0165732 0.0105362 0.106869

00931774

00983980

00944868

00931974

00938524

0159619 0.00925299

0.0178591 0.00444697

0.0124793 0.00597563

-0.

195

000760589 0.00445058

.00585499 0.00258241

.00760651 0.00339598

.00856104 0.00385565

.0177237 0.00325812

.0216138 0.00459687

.0230683 0.00497450

.0239203 0.00520031



31: 1665.5838: 0.0197572 -0.0232652 0.00536802
0.0957587 0.922832 2.96429
32: 1665.5818: 0.0194966 -0.0232065 0.00548221
0.0971229 0.922127 2.95750
33: 1665.5816: 0.0193427 -0.0233547 0.00552527
0.0975070 0.921928 2.95540
34: 1665.5816: 0.0193238 -0.0233849 0.00553160
0.0975310 0.921908 2.95530
35: 1665.5816: 0.0193224 -0.0233871 0.00553289
0.0975315 0.921903 2.95535

Final Estimate of the Negative LLH:
LLH: -4601.098 norm LLH: -3.069445
mu mal omega alphal
betal shape
2.954346e-04 -2.338708e-02 1.293458e-06 9.753150e-02
9.219035e-01 2.955347e+00

R-optimhess Difference Approximated Hessian Matrix:

mu mal omega
alphal betal shape
mu -25628786.922 -8967.32046 1.597822e+07
2.564225e+04 1.995432e+04 2.125748e+03
mal -8967.320 -1726.37078 4.977395e+06

6.331666e+02 8.843456e+02 5.960177e+01

omega 15978224 .097 4977395.42171 -5.484305e+12 -
2.853894e+08 -5.514558e+08 -1.839913e+07

alphal 25642 .248 633.16660 -2.853894e+08 -
2.956196e+04 -4.677487e+04 -1.734731e+03

betal 19954 .323 884.34556 -5.514558e+08 -
4.677487e+04 -7.890739%e+04 -2.822389e+03

shape 2125.748 59.60177 -1.839913e+07 -
1.734731e+03 -2.822389%9e+03 -1.174696e+02
attr(,"time")

Time difference of 0.07811594 secs

-——- END OF TRACE ---
Time to Estimate Parameters:
Time difference of 0.2500031 secs

Title:
GARCH Modelling

Call:
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garchFit (formula = ~arma(0, 1) + garch(l, 1), data = x,
cond.dist = "std")
Mean and Variance Equation:
data ~ arma(0, 1) + garch(l, 1)
<environment: 0x0000000024807960>
[data = x]
Conditional Distribution:
std
Coefficient(s):
mu mal omega alphal
betal shape
2.9543e-04 -2.3387e-02 1.2935e-06 9.7532e-02
9.2190e-01 2.9553e+00
Std. Errors:
based on Hessian
Error Analysis:
Estimate Std. Error t wvalue Pr(>|t])

mu 2.954e-04 1.985e-04 1.489 0.13661
mal -2.339%e-02 2.450e-02 -0.955 0.33982
omega 1.293e-06 1.205e-06 1.074 0.28295
alphal 9.753e-02 3.715e-02 2.625 0.00866 **
betal 9.219%e-01 2.877e-02 32.046 < 2e-16 ***
shape 2.955e+00 2.666e-01 11.085 < 2e-16 ***
Signif. codes: 0 ‘***’/ (Q_001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1
1
Log Likelihood:

4601.098 normalized: 3.069445
Description:

Mon Jan 01 13:13:37 2018 by user: ibin

Standardised Residuals Tests:

Jarque-Bera Test
Shapiro-Wilk Test
Ljung-Box Test
Ljung-Box Test
Ljung-Box Test
Ljung-Box Test

PR I B s

"2

Chi*2
W

Q(10)
Q(15)
Q(20)
Q(10)
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Statistic p-Value

5248.865
0.911486
8.606014
12.8662

18.02749
2.526332

6

0

0
0
0
0
0

.5698569
.6126315
.5855973
.9904864



Ljung-Box Test R*2 Q(15) 3.755772 0.9984336
Ljung-Box Test R*2 Q(20) 6.647152 0.997692
LM Arch Test R TR"2 3.346481 0.9925641

Information Criterion Statistics:

AIC BIC SIC HQIC
-6.130884 -6.109620 -6.130916 -6.122962
> plot(x2.qg)

Make a plot selection (or 0 to exit):

1: Time Series
Conditional SD
3: Series with 2 Conditional SD Superimposed

of Observations
5: ACF of Squared Observations
Cross Correlation

7: Residuals
Conditional SDs
9: Standardized Residuals

of Standardized Residuals

11: ACF of Squared Standardized Residuals
Cross Correlation between r*2 and r

13: Q0-Plot of Standardized Residuals

Selection: 1
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S (net;)= 1 (2w,
YUEEOA| QUJJ&H
net, = w; X, + W, X, + wy;;x; = 0.2
net, = w,Xx, + Wyx, + wy,x; =1.9

0.2
e

= f(ne) = £(02) =55 =055
ol
V2 —f(netz)—f(l.9)— 1+ e =0.87

net, =Wy, + WV, = (0.55)(0.1) +(0.87)(—0.2) =0.119

-0.119
e

)A}:f(netﬁ):f(_o'llg): IEECE =0.47

Wadl (588 p =2 Ll 4l (o)) ia sl
o

y—-y=2-047=1.53

QD
i
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sdullall ) gaiill dLia)
Credit scoring Gy Cayuas alas ol Alaiiy) o jlasll Caluda)
creditworthness gasil al y8Y1 3 jlas Clual & gll Ly o 58 dlee A
Lwl;i\‘S‘)Aaj\‘sglidﬂ Lﬁbaaﬁuaiui LFQJAA‘le PAVNEDY LﬁqJé‘jlc Ll}uﬁ:d‘(j}L;ﬂ
!
creditworthness = f{income,age,imployment,gender,...)
S linear regression Jaxiall L;LQ\ D1aYL odast Sy A1) Al g8
& s machine learnin Y alx3 sl Jogistic regression (sivws sl lassy!
Leeddin (o g s AV ala (Bl yaa adi dpianl) K0S AGL 5 ) (e daala
A zasai skl
SIS Lebhand Sy Al A0 UL 5 neuralnet 4iSall adiiu s g
cd =
"https://gist.githubusercontent.com/Bart6114/8675941/raw/ac4cddcc0909cl
5ceada2d8c6a303206b10796d9/creditset.csv"
> library (neuralnet)
> dataset <- read.csv(cd)

> head(dataset)

clientid income age loan LTI defaultlOyr
1 1 66155.92510 59.01701507 8106.53213129 0.1225367511623 0
2 2 34415.15397 48.11715310 6564.74501768 0.1907515806612 0
3 3 57317.17006 63.10804949 8020.95329639 0.1399397996720 0
4 4 42709.53420 45.75197235 6103.64226014 0.1429105321411 0
5 5 66952.68885 18.58433593 8770.09923520 0.1309894999955 1
6 6 24904.06414 57.47160710 15.49859844 0.0006223320961 0
> tail (dataset)
clientid income age loan LTI defaultlOyr
1995 1995 24254.70079 37.75162224 2225.284643 0.09174653040 0
1996 1996 59221.04487 48.51817941 1926.729397 0.03253453905 0
1997 1997 69516.12757 23.16210447 3503.176156 0.05039371839 0
1998 1998 44311.44926 28.01716690 5522.786693 0.12463565930 1
1999 1999 43756.05660 63.97179584 1622.722598 0.03708566823 0
2000 2000 69436.57955 56.15261703 7378.833599 0.10626723906 0

> dim(dataset)
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JA il Ja s TTT (g sindl JAall (i jall dush 5 im 8l A 5 (2 ll) jee
default] Oyr dualall &l i 3 jdall
s Lagd age 5 LTI Al @l il e Jaaies Lty 73 gai sk sa Lidaa
A\l ) g Byl IO (DA

Gl o) G 5 JLia B 5 A 5 il Baad 5 (e sanal LN Al (o g
2a) Ladh Wiy 9400 gie phaul s () o liasy Lol Llad 2l sdie bl
cuoall Y1 saabliadl 800

> trainset <- dataset[1:800, ]

BRSPS

> testset <- dataset[801:2000, ]

CJUQJ\GAQ‘SQEQ\QLHQ

normalize <- function(x) {
X <- as.matrix(x)
minAttr=apply(x, 2, min)
maxAttr=apply(x, 2, max)

>
+
+
+
+ x <- sweep(x, 2, minAttr, FUN="-")
+ x=sweep (x, 2, maxAttr-minAttr, "/")
+ attr(x, 'normalized:min') = minAttr
+ attr(x, 'normalized:max') = maxAttr
+ return (x)
+ }
> trainsetn = normalize (trainset)
> testn = normalize (testset)

asalll s oY)
> creditnet <- neuralnet(defaultlOyr ~ LTI + age, trainsetn, hidden =
+ 4,lifesign = "minimal",6 linear.output = FALSE, threshold = 0.1)
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hidden: 4 thresh: 0.1 rep: 1/1 steps: 857

error: 2.70118 time: 0.45 secs

ALl s
> plot(creditnet, rep = "best")
>
Error: 2.701178 Steps: 857
".au‘gté . S\ ..~..
> temp_test <- subset(testn, select = c("LTI", "age"))

> creditnet.results <- compute(creditnet, temp test)
> results <- data.frame (actual = testset$defaultlOyr, prediction =
creditnet.results$net.result)

> results[100:115, ]

actual prediction
900 0 0.0003257007294001
901 0 0.0022953190387399
902 0 0.0000337144136086
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903 1 0.9988491825994084
904 0 0.0025831966743758
905 0 0.0000117541757410
906 0 0.0018152833848443
907 1 0.9174666266721554
908 0 0.3392054158734511
909 0 0.0000080682709607
910 0 0.0988541021097577
911 1 0.9934022761603937
912 0 0.0000003765359376
913 1 0.9999904775449217
914 0 0.0001342937348306
915 0 0.0027193873613529

pll oy

> results$prediction <- round(results$prediction)

> results[100:115, ]

actual prediction

900 0 0
901 0 0
902 0 0
903 1 1
904 0 0
905 0 0
906 0 0
907 1 1
908 0 0
909 0 0
910 0 0
911 1 1
912 0 0
913 1 1
914 0 0
915 0 0
>

il adll ae dgaal) agall galdai Jaadls
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Alle dia ) Aldidial ittt Jlia
o T sl (3 suall 8 SLlu AS i agd (3DEY) a8 o A0 Aluludl)
2017/23/5 &~52017/1/1

> library (xlsx)

> library (forecast)

> sabicCls <-

read.x1lsx ("C:/Users/ibin/Desktop/sabicClose.x1lsx",1,header=
TRUE )

> sc <- sabicCls][,2]

> sc <- as.ts(sc)

z a3 Gubail guto.arima A1 5 forecast 4Ss 2355 8 g Y
> modell <- auto.arima(sc)
> summary (modell)

Series: sc

ARIMA (0,1,1)

56,=0.2568 <ua ARIMA(0,1,1) s» Gahaall g3 saill () a3l

s.e.(6,)=0.0937

Coefficients:
mal

0.2568

s.e. 0.0937

sigma”2 estimated as 0.5243: 1log likelihood=-111.33
AIC=226.66 AICc=226.78 BIC=231.91

Training set error measures:

ME RMSE MAE MPE
MAPE MASE ACF1
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Training set -0.05053705 0.7170513 0.5375234 -0.05540766
0.5565022 0.9936098 -0.009867329
> fmodell <- forecast (modell, h = 20)

> summary (fmodell)

Forecast method: ARIMA(0,1,1)

Model Information:
Series: sc

ARIMA (0,1,1)

Coefficients:
mal

0.2568

s.e. 0.0937

sigma”2 estimated as 0.5243: 1log likelihood=-111.33
AIC=226.66 AICc=226.78 BIC=231.91

Error measures:

ME RMSE MAE MPE
MAPE MASE ACF1
Training set -0.05053705 0.7170513 0.5375234 -0.05540766
0.5565022 0.9936098 -0.009867329

Forecasts:

Point Forecast Lo 80 Hi 80 Lo 95 Hi 95
104 91.46168 90.53369 92.38967 90.04244 92.88092
105 91.46168 89.97122 92.95214 89.18221 93.74115
106 91.46168 89.56912 93.35424 88.56725 94.35611
107 91.46168 89.23859 93.68477 88.06176 94.86160
108 91.46168 88.95122 93.97214 87.62226 95.30110
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109
110
111
112
113
114
115
1lle
117
118
119
120
121
122
123

91.
91.
91.
91.
91.
91.
91.
91.
91.
91.
91.
91.
91.
91.
91.

46168
46168
46168
46168
46168
46168
46168
46168
46168
46168
46168
46168
46168
46168
46168

> plot(fmodell)

>

88.
88.
88.
88.
87
87.
87
87
87
87
86.
86.
86.
86.
86.

69351
45784
23936
03477

.84173

65848

.48366
.31621
.15526
.00011

85018
70498
56408
42712
29378

94.
94.
94.
94.
95.
95.
95.
95.
95.
95.
96.
96.
96.
96.
96.

22985
46552
68401
88859
08163
26488
43970
60715
76810
92325
07318
21838
35929
49625
62958

87

84

84
84

.22813
86.
86.
86.
85.
85.
85.
85.
.87558
84.
.40900
.18693
83.
83.
83.

86770
53356
22068
92545
64519
37782
12172

63830

97144

76198
55806

Forecasts from ARIMA(0,1,1)

95.
96.
96.
96.
96.
97.
97.
97.
98.
98.
98.
98.
98.
99.
99.

100
|

95

a0

85

20

40

60 80
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100 120

69523
05566
38980
70268
99791
27817
54554
80164
04778
28506
51436
73643
95192
16138
36530



> fitsc <- nnetar (sc)

> plot.ts(sc)

> lines (fitsc$fitted, col="red")
>

sC
98 100 102
1 1

96
I

94
I

92

Time

> fitsc <- nnetar(sc, lambda = 0)
> forecast(fitsc, h = 20)

Point Forecast

104 91.94189
105 92.22807
106 92.35203
107 92.39515
108 92.40707
109 92.40925
110 92.40914
111 92.40879
112 92.40859
113 92.40850
114 92.40847
115 92.40846

238



116
117
118
119
120
121
122
123

92.
92.
92.
92.
92.
92.
92.
92.

40846
40846
40846
40846
40846
40846
40846
40846

> plot(forecast(fitsc, h = 20) )

> lines (fitsc$fitted, col="red")

>

Forecasts from NNAR(2,2)

102
1

100
1

98

96

94
|

92
!

20 40 60 80 100 120
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> library (TStools)
> library (xlsx)

> sabicCls <-
read.xlsx ("C: /Users/ibin/Desktop/sabicClose.xlsx",1l,header=TRUE )
> sv <- as.ts(sabicCls[,2])

> mlp.fit <- mlp(sv)
> plot(mlp.fit)
> print (mlp.fit)
MLP fit with 5 hidden nodes and 20 repetitions.
Series modelled in differences: Dl.
Univariate lags: (1)
Forecast combined using the median operator.
MSE: 0.6028.
> mlp.frc <- forecast(mlp.fit,h= 20)
> mlp. frc
Point Forecast
104 91.63721762
105 91.78455643
106 91.93192128
107 92.07929173
108 92.22666337
109 92.37403528
110 92.52140725
111 92.66877922
112 92.81615120
113 92.96352318
114 93.11089516
115 93.25826714
116 93.40563912
117 93.55301110
118 93.70038308
119 93.84775506
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120
121
122
123
>

93.99512703
94.14249901
94.28987099
94.43724297

> plot (mlp.frc)
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Forecasts from MLP

102
|

100
1

96
|

94
|

92
|

0 20 40 60 80 100 120
Time
MLP
Hidden
Input (5) Output

> mlp2.fit <- mlp(sv,hd.auto. type="valid", hd.max=10)
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There were 21 warnings (use warnings() to see them)

> print(round (mlp2.fit$MSEH,4))

MSE
H.1 0.0719
H.2 0.0714
H.3 0.0718
H.4 0.0712
H.5 0.0709
H.6 0.0697
H.7 0.0702
H.8 0.0705
H.9 0.0695
H.10 0.0696
> plot(mlp2.£fit)
>

MLP

Input (9) Qutput
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> mlp2.frc <- forecast(mlp2.fit,h= 20)
> mlp2.frc

Point Forecast
104 91.63760763
105 91.78533574
106 91.93308947
107 92.08084864
108 92.22860898
109 92.37636957
110 92.52413021
111 92.67189086
112 92.81965151
113 92.96741216
114 93.11517281
115 93.26293347
116 93.41069412
117 93.55845477
118 93.70621542
119 93.85397608
120 94.00173673
121 94.14949738
122 94.29725803
123 94.44501869
>
> plot (mlp2.frc)
>
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Forecasts from MLP

102
I

100
|

98
I

o4
|

/

92
I

T T T T T T T
0 20 40 60 80 100 120

Time

SN

&)Y rating i et Al 5 cereals Uy e dpuac 805 Gulai Cogu
o) 5 calories s Jie Gl puatia e lalaie) HUadY) sos (e 4dlis
s siaall 1 Gl yaiall) fiber LY 5 sodium a s sall 5 fat (a3l s proteins
s vitamins Sliwliall g potass (Ui sll 5 sugars b Sl 5 carbo (s S
& Jeli Ol cups s gl @l Saae s weight 0l s shelf aadlall 32
(S 5 Jalal

O Leliand Sy il

https://s3-ap-south-1.amazonaws.com/av-blog-media/wp-

content/uploads/2017/09/07122416/cereals.csv
> data = read.csv(file.choose (), header=T)
> head(data)

calories protein fat sodium fiber rating
1 70 4 1 130 10.0 68.40297
2 120 3 5 15 2.0 33.98368
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3 70 4 1 260 9.0 59.42551
4 50 4 0 140 14.0 93.70491
5 110 2 2 180 1.5 29.50954
6 110 2 0 125 1.0 33.17409

paiu B g JLEAY) 5 al) (e gana (psS (l pdie JSAy S (e Clad
Croaill Sl e %60

set.seed (80)

samplesize = 0.60 * nrow(data)

index = sample(seq_len(nrow(data)), size = samplesize )

datatrain = data[ index, ]

vV V. V VvV V

datatest = data[ -index, ]
53 g Jlae ) Sllall J =5 Al s min-max normalization a3%u <a g g

Ol ariall e g yail) 5l J) s 12g0

> max apply(data , 2 , max)

> min apply(data, 2 , min)
> scaled=as.data.frame (scale(data,center= min, scale=max-
min))

library (neuralnet)

trainNN = scaled[index , ]

NN = neuralnet(rating ~ calories + protein + fat + sodium

>

>

> testNN = scaled[-index , ]

>

+ fiber, trainNN, hidden = 3 , linear.output =T )
>

plot (NN)
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calories

sodium

Error: 0.088385 Steps: 146

Al sae | 5 4udae die 3 5 JAg) Mo 5 e ST ASA
Al alaasialy L o)

> predict_testNN

compute (NN, testNN[,c(1:5)])

> predict_testNN = (predict testNN$net.result *

(max (data$rating) - min(data$rating))) + min(data$rating)
slilall adll ae rating uaiall ad au i

> plot(datatestS$Srating, predict testNN, col='blue', pch=16,

ylab = "predicted rating NN", xlab = "real rating")
> abline(0,1)
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4.3l Root Mean Square Error (RMSE) osba¥) g e Jaws sia Uad s
> RMSE.NN = (sum((datatest$rating - predict_ testNN)*2) /
nrow(datatest)) ~ 0.5
> RMSE.NN
[1] 6.049574835
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O DLl Jreas Sy

https://raw.github.com/vincentarelbundock/Rdatasets/master/csv/ISLR/Default.csv

O aS ali ) i & iy
library (neuralnet)
cd3 = read.csv(file.choose())
names (cd3) = c("default", "student", "balance", "income")
trainset <- cd3[1:6000, ]
testset <- cd3[6001:10000, ]
ctnet <- neuralnet (default ~ student + balance + income,

trainset, hidden = 4,lifesign = "minimal",6linear.output =

FALSE, threshold 0.1)

plot(ctnet, rep = "best")

student

balance

income

Error: 92.259208 Steps: 69

temp test <- subset(testset, select = c("student",

"balance","income"))
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ctnet.results <- compute (ctnet, temp test)

results <- data.frame (actual = testset$default, prediction
= ctnet.results$net.result)

results[100:115, ]

actual prediction

6100 0 0.0275078031
6101 0 0.0275078031
6102 0 0.0275078031
6103 0 0.0275078031
6104 0 0.0275078031
6105 0 0.0275078031
6106 0 0.0275078031
6107 0 0.0275078031
6108 0 0.0275078031
6109 0 0.0275078031
6110 0 0.0275078031
6111 0 0.0275078031
6112 0 0.0275078031
6113 0 0.0275078031
6114 0 0.0275078031
6115 0 0.0275078031

results$prediction <- round(results$prediction)
results[100:115, ]
actual prediction

6100 0
6101
6102
6103
6104
6105
6106
6107

O O O O o o o
O O O O O o o o
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6108
6109
6110
6111
6112
6113
6114
6115

O O O O O o o o

O O O O O o o o
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ddligl) :gala

Gl e ) Sia 5 S JS Qlall J gaal) o Volatility 4dliel) :cay yai
4l e
Stochastic Volatility :4u) sdal) Adiligl)

Sl dalle e (s ghule IS8 s alladl Jga Al (31 sl (g el 5 Jelasl)

02 & e glaall aladiin) 5 dallee A8yl (e iyt UL a8y VLAY b sl
iy zaal L il 5 o) jlaaly 3aies Ciasal Financial Instruments 4allal 3 jea¥) ddal)
e Bl claaall (Y bl el s Qe o Al 5 &) 2 0all da SV i Y 5 aead)
o laall guae 8 Ugal 58 Jhin 5 Lgal 55

S lilll (e dadia alaal (e saiall il glaall ) acial e 508l 5 4llaill 5 jlgal)
85 sl Alalall Financial Risk aallall 5 hlaall 5ol o 40l 5 jeal) aiad cae gins
a3 3all (g (6 susall 13gd Jum 53 KU 5 halaall ¢ jaal g cpllall 6 jaal) 5 cpaliai@dd
slan) s clual )l g4l 5 slaidy) § caulall ale e o il (any 48 e Lulul

L b 5 aslall 38 (3 aead & Financial Engineering il duxigll (lé 138 e
As ) ghatidanlail)l o4, ki)

rbany) diligl) iy 23

s3e 5l Security (e gleal Returns clailall 8 cadill las) (ulie & il
Olasiall (s o Il (G (5 slamall il iYL AL Luld Sy s Market Index (s
ST gl )l glaall e JS dlle gl calSle JS Wity Gandl g 5l JLal
B sha

Dl (e bt cililall 3 Uncertainty S s Jiad s ;Risk 3 ghdd)

JInvestment

5 Value at Risk (Var) &_alaall deall dLayl 5 jhlaall ubiaS 48lael) ardind 4
230 Ay e Gl (3l g i slhaall lasall g8 5) Expected Shortfall a8 siall ) saasll
(22mal 3 380 e
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:Net Return (Sball dilad)
C}Ak._k&;.._lt‘;\t—l C)AB‘)E‘L;L&L\AM jw\étwj\mAssetw\M [7_1)«).\3

:Gross Returns (AS!) ailal)

(R g g

P
— =1+R,
£,

Continuously ) yaiub 4aS) yiall Glxilalllia)) a5 Log Returns <lailall & jle ol

(e a7 = L 3e s Compounded Returns

v

r, =log(1+ R, )=log Pt =D, ~ P
t—1

ol e sl sa s p. :log(B) S
2/28/2016 (a9 3/2/2013 (4 1l A< )i agod Adlig)) il

Ge Gl Y il t+1 t e sl t A -1 e el Dsae Om A 2 Y sABIaN
Aie 3l Ll

&=y L JLa3| Returns
2/28/2016 73.57
2/25/2016 71.45 -0.02882
2/24/2016 70.99 -0.00644
2/23/2016 72.54 0.021834
2/22/2016 72.92 0.005238

2/21/2016 69.95 -0.04073
2/18/2016 70.45 0.007148
2/17/2016 69.15 -0.01845
2/16/2016 67.99 -0.01678

2/15/2016 66.66 -0.01956
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2/14/2016
2/11/2016

3/16/2013

3/13/2013

3/12/2013

3/11/2013

3/10/2013

3/9/2013

3/6/2013

3/5/2013

3/4/2013

3/3/2013
3/2/2013

64.66
63.72

94

93.5

93.25

93.25

92.75

92.75

92.5

92.25

92

91.75
92

-0.03
-0.01454

0

0.005319149°
0.002673797
0
-0.00536193
0

0.002695418

0.002702703

0.002710027

0.002717391

0.002724796
Standard

Dev

0.018824

1.8824% (A slanall 3 il o clils pgus 4505 13

8 B

G Sl () A0 grd) Ll (§ suadl (e L sl o8 Sy 3ae and Adligll aa f
L) gl Adlia JBY) il Hal Hlal 5 daligl)
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R % dIm 488l ; gala
Dynamic Linear Models (DLM) 4uadll 48 jall & dail) Aalleay o 68
s Linear State Space Models (bl Alall ¢liad & 3laiy Lyl (o yxi Al
Maximum Likelihood (salaadl dma ;¥ 5008 J) 50 e Liay) (5 s 404l
Al i pal g Aadadll A8 jall 3l Al Estimation
23 pall
SIS dlm 48Se e (38 81 ae il (8 jued g
FE) Y alaall 2353 DM oladd) Seabisall 23 il
y,=F0,+v,, v,~N(0,V,)
0,=GO,_+w, w,~N(0,W,)
0, J Grse )55 ae
0, ~N(m,,C,)
e 13 anie @, Lein £ e die laaliad) asie 54 mx ] sl 13 y, 4xial
v, .t o)l die ol Al Jia 5 ( Unobservable 4iaadle (Sa¥) px 1
48 siiadl | (Evolution Errors 5 ) Al eladl w5 cilaaliall eladl Jia
Ol b ghias 5 px p el S G, Biadl 5 mx p Al QA F
W, 5V, Uil
rdlm 4oiSe (8 4pdadl) A8 jall = 3lal iy pa
Loyl (a2} 5 dnaim gn Sl siall el 3 5ad 58 ok (S a3 gai Ja
5 First Order Polynomial Model (!s¥! 4a jall (e 3 saall santia 73 5a
Coagr gl gy DA data g a6l jariall 13 Glaaliall Aadal aadiiy
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yv,=6+v, v ~ N(O,V)
0,=0_+w, w ~N(0W)
daiad Y allail) 48 ja coad Al Gl giiaall s o) 6l (constant) <ul z3 gail)
gisaillsus el F =G, =[1] Lail . (Time Invariant ) eV Gle
Aoty claalial e ke WE o3a 5 7 5 YAl 5 cilaaliall clidss
. (Bayesian Techniques ) Jx S 5l adaall diaa Y
SV 3 FF sl a¥) e (list ) 4l <l i S s 3 g Jiay dlm 4l b
(R Gak Lkl ) (class dlm) dlm 4ika (e A5 W 5 GG
A€o b i = 0.1 5 7 = 0.8 g daia &) il i sl i 3500
SUSR 4 dlm
> dim(FF = 1, V=0.8, GG = 1, W= 0.1, m0 = 0, CO = 100)
s g e o Lin g 20ad o gy @) sl ol A8 i g cildan gia o JaaY
il (5 HAT 4Gyl 23 saill sl il ¢ 52 Y CO = 100 sm0 =0

> dlmModPoly (order = 1, dVv = 0.8, dWw = 0.1, CO = 100)
W 5V e & hdll yalic dW 5 dV s 253l 5,05 4 )0 2asy order 2l

s oalind) dgaa YY) Ak

o2 Al a5 claalially Laolaely ella g 3 saill allea iy o 585 dIMMLE 41l
Nile daill yed Slilal 138 a 2id Cagw 5 dlm JSS Ll Alla )~ Uas A1)
Al 5 clalial Gyl Gl dasall pe A sdnll iiadl 23 gad ddiay 3
SIS LY el 5 e ) Gl e bl alasi Chgus 5 35 jue 8

> buildFun <- function(x) {
dlmModPoly (1, dV = exp(x[1l]), AW = exp(x[2]))}
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bl Laa Y 4080 (0,0) 4kis) 4 5) ey Optimization 4ddieY) las
AL ENRENPA PN LN
library (dlm)

data(Nile)
dlmModPoly (order = 1, dv = 0.8, dwW

0.1, CO = 100)

dlmModPoly (1, dV = exp(x[1]), dW

>
>
>
> buildFun <- function(x) {
+ exp(x[2]))}
>
> fit <- d1mMLE (Nile, parm = c(0,0), build = buildFun)
> fit$conv
[1] O
> dlmNile <- buildFun (fit$par)
> V(dlmNile)
[,1]
[1,] 15099.8
> W(dlmNile)
[,1]
[1,] 1468.432
i structTS Alalls Leii jlaay 4

> StructTS(Nile, "level")

Call:
StructTS(x = Nile, type = "level")

Variances:
level epsilon

1469 15099
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