5 — Autoregressive

Integrated Moving
Average (ARIMA) Models

All models are wrong, some are useful.
GEORGE E. P. BOX, British staristician

Box & Jenkins
Methodology
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Phase 1 Data preparation
Identification # Transform datn to stabilize
varanee

s [Nifference data to obtain
stationary series

Model selection

o Examine data, ACF and PACF |
to identify potential models

ARIMA ~ ~ oo  —

. Phase 11 Estimation
BOX_JenkInS ]L..‘-!Lllltlﬂll'Gn e [Lstimale parameters in
and testing potential models

MethOdC)lOgy Rode o Select best model using suitable

ARIMA(pdg PDC)
criterion

Diagnostics
* Cheek ACF/PACE of residuals

+ Do portmantean lest of residuals

# Are the residuals white noise?

_me_eE s s s s T T E E Em E o m e e e e e o om o B SR BR SR S e e e e e er e o omm Em E=

Yoes
Phase II1 Forecasting
.*ﬁtlli}lii_'ﬂtiﬂn & Llze model to forecast
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Example 1/4

Index

LExampIe of time series
Time Series Plot of Index
290 - + C1 c2
S Period | Index
1 1 22254

2701 - 2 2 22224
260 The series 3 3 2117
. show an 4 4 21889

“ upward 5 5 22005
240 - trend. 6 B 21951
230 - 7 ) 7 ME A0
220 1
210 1 T T T T T T T T T T T

1 6 12 18 24 30 36 42 48 54 60 . .
Index Autocorrelation Function for Index
(with 5% significance limits for the autocorrelations)

1,04
. . o4t 4+ o+ . " —
The first several autocorrelations are il Ly
persistently large and trailed off to zero s o I
rather slowly - a trend exists and this 5 021 ‘ | | | | 1 |
] ; : ) . £ 00
time series is nonstationary (it does g ool
not vary about a fixed level) 2 04l
7 > -06- T—
-0,8 T e—ee— _
-1,04
|dea: to difference the data to see if we could T
eliminate the trend and create a stationary series. Lag
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Exam

WEIL

fiEg PORTFOLIO_INYESTMENT.MTW **%

First order differences.

+ C1 c2 3
Period Index Diff1
1 1 222 34 * A plot of the
y, 2 22224 010 differenced data
appears to vary about I
3 3 2217 -1.07 a fixed level.
4 4 218458 -2.29 | 4

nle 2/4

Comparing the autocorrelations with their error limits, the

only significant autocorrelation is at lag 1. Similarly, only

the lag 1 partial autocorrelation is significant. The PACF
appears to cut off after lag 1, indicating AR(1) behavior.
The ACF appears to cut off after lag 1, indicating MA(1)
behavior 2> we will try: ARIMA(1,1,0) and ARIMA(0,1,1)

4

Time Series Plot of Diff1

N w » wv
1 1 1 L

Diff1
= o =~

1 6 2 18 30 3% 4
Index

24 48 54 60

allow for the fact that the series of differences
appears to vary about a level greater than zero.

Autocorrelation Function for Diff1 ‘
(with 5% significance limits for the autocorrelations)
1,0 1,0
0,8 0,8
i e 06
0,6 S
£ 0,4 & 04
- S o
& 0,21 £ 02
N || | :
£ 00 1 1 — I 8 00
8 -0,24 I 2 02
5 |- - 5
< -0,4+ B 04
-0,61 £ -06
-0,8- -0,8
-1,0 -1,0
1 2 3 4 5 7 8 9 10 11 12 13 14 15 16
Lag L

A constant term in each model will be included to

Partial Autocorrelation Function for Diff1
(with 5% significance limits for the partial autocorrelations)

1

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Lag
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Example 3/4

ARIMA Model: Index

ARIMA(1,1,0) J

Estimates at each iteration
Iteration 35E Parameters
227,855 0,100 1,021
219,649 0,250 0,504
219,321 0,282 0,748
219,319 0,284 0,741
219,319 0,254 0,741
Relatiwe change in each estimate less than 0,0010

= W O

Final Estimates of Parameters

Type Coef 5SE Coef T I
AR 1 0,244 0,1221 2,33 0,023
Constant 0,7405 0,2351 3,15 0,003

Differencing: 1 regqular difference
MNumber of obserwvations: Urliginal series 65, after differencing 64
Resziduals=s: 35 = 219,223 (backforecasts excluded)

M3 = 3,536 DF = 62

Modified Box-Pierce [(Liung-Eox) Chi-3quare statistic

Lag 1z 24 36 45
Chi-3quare 11,5 29,1 37,1 48,1
LF 10 22 34 46
P-Value 0,297 0,141 0,328 0,389

Forecaszstz from pericd &5
95 Percent
Limits

Period Forecast Laower Upper Actuall
1] 289,943 286,262 293,634

\

ARIMA Mocdel: Index

Estimates at each iteration

ARIMA(0,1,1) J

Iteration 3RE Parameters
0 255,571 0,100 1,135
1 23zZ,682 -0,080 1,112
2 221,359 -0,zZ00 1,077
3 219,407 -0,285 1,044
4 219,403 -0,291 1,038
& 219,403 -0,291 1,038

Felative change in each estimate less than 00,0010

Final Estimates of Parameters

Type Coef SE Coef T P
ML 1 -0,2913 0,12z26 -2,35 0,021

Constant 1,038l 0,3035 3,4Z 0,001

Differencing: 1 reqular difference

Numbher aof ohserwations: 0Orligihal series 65, after differencing 64
Feziduals: 38 = 219,347 (backforecasts excluded)
M3 = 3,538 DF = B2

Modified Box-Pierce [(Ljung-Box) Chi-Scquare statistic

Lag 12 24 36 45
Chi-3muare 11,6 32,0 41,0 51,4
T\ F 10 el 2 S
P-Value 0,310 0,077 0,189 0,270

Forecasts from period 65
95 Percent
Limjts

Feriod Forecast Lower Upper Actual

1] 290,053 286,366 293,740

Pl

values for either model.

The LBQ statistics are not significant as indicated by the large p-

| 4
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Example 4/4

Autocorrelation Function for RESI1
(with 5% significance limits for the autocorrelations)
1,0
0,8
0,6
c 0,41
2 - -
s Ll | | .,
s o] A B ]
] 024 _
2 0,44
-0,6
-0,8-
-1,0]
1 2 3 4 5 6 7 8Lagg 1011 1213 14 15 16 Autocorrelation Function for RESI2
(with 5% significance limits for the autocorrelations)
A 1,0
0,8
Finally, there is no significant residual 0,61
autocorrelation for the ARIMA(1,1,0) § 2‘2‘ - L
model. The results for the ARIMAO,1,1) — | € ool . 1 | + | e
. . =]
are similar. 8024 ____________________l
7 2 -04-
-0,6
. -0,8
. - - -1’0_
Therefore, either model is adequate and provide T3 3 4§ € 3§ 3 L0 L 5 L
nearly the same one-step-ahead forecasts. Lag
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Examples

Makridakis Minitab
ARIMA 7.1 — Employ (Food)
— ARIMA PIGS
— ARIMA DJ
— ARIMA Electricity Montgomery

— ARIMA Computers
— ARIMA Sales Industry
— ARIMA Pollution

— Cap 7 ARIMA Models pdf
— Cap7 Solutions pdf

EXEMPLO PAG 267
EXEMPLO PAG 271
EXEMPLO PAG 278
EXEMPLO PAG 283
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https://pedro.unifei.edu.br/download/MakridakisCap7.pdf
https://pedro.unifei.edu.br/download/MakridakisSolutions.pdf

ARIMA Basic Model

ARIMA (p, d, q)

Clrdﬂ; l‘jrder
of AR of MA

Order of
“differencing™
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ARIMA (O, 0, 0)
ARIMA (0, 1, 0)

ARIMA (1, 0, 0)

ARIMA (0, 0, 1)

ARIMA (1, 0, 1)

Basic Models

— WHITE NOISE
— RANDOM WALK

— AUTOREGRESSIVE
MODEL (order 1)

— MOVING AVERAGE MODEL
(order 1)

— SIMPLE MIXED MODEL

Previsao | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br




AR MA Example Models

ARIMA(01)=MAC) Y, = 10 4+ e, — 0.7¢e;_4
ARIMA (1,0,0)= AR(1) Y, = 34 0.7Y,_; +e;

ARIMA(0.02)=MA2) Y, = e, — 0.4e,_, + 0.9¢,_,

ARIMA (2,0,0)=AR(2) Yt =6+ 1'2}1:-1 — [:',I.'?']/‘!_2 +Et

ARIMA(1,01)=ARMA(1,1) Y; =10+ 0.3Y;_; +e; —0.7e;_4
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Autocorrelation - ACF

Yt Yt-1 Yt-2
1 * * Yt Yt—1
1 1 1l Yt-1 0,051
4 1 1 0,881
9 4 1
3 9 A1l ¥t-2 -0,133 0,050
8 3 9 0, 713 0,891
7 8 3
4 7 g8l|Cell Contents:
4 4 7 || Pearson correlation
7 4 4| P-Value
4 7 4| Lag ACF T LBQ
S - 7 1 0,0441176 0,15 0,03
2 -0,0916955 -0,32 0,17

Diferencas sao devido a pequenas modificacdes nas formulas
de Regressao e Time Series

Previsao | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br
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Partial Correlation

« Suppose X, Y and Z are random variables. We
define the notion of partial correlation between
X and Y adjusting for Z.

« First consider simple linear regression of X on Z

X =a,+b,Z whereb, = Cov(Z, X)

Var(Z)

* Also the linear regression of Y on Z
, Cov(Z,Y)

Y =a,+b,Z whereb, =
22 * Var(2)
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Partial Correlation

« Now consider the errors
X" =X-X=X-(a,+bZ)
Y =Y-Y=Y—-(a,+b,Z)

« Then the partial correlation between X and Y,

adjusting for Z, Is

orr(X Y) orr(X X,Y—V)

Previsao | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br
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322
317
319
323
327
328
325
326
330
334
337
341
322
318
320
326
332
334

317
319
323
327
328
325
326
330
334
337
341
322
318
320
326
332

Partial Autocorrelation - PACF
Yi=f(Yio) Yi1=f(Yeo)

Yi2
Z

x

*

322

L )

Xf(Z)

*
&

326,700

L T T W |

Yi{Z)

*
*

323,987

jjjjjj

X* Y* Corr(X*, Y*)
-7,7004  -6,9874

ol md a | Fa B o e ]

Correlations: X*; Y*

Pearson correlation of X* and Y* =
P- Value = 0,000

Partial Autocorrelation Function: X

0,770

Lag PACF T
0,900575 6,98
-0,151346  -1,17
3 0,082229 0,64

337 340470 338,537 -18.,4699 24632
341 344142 342417 -26.1418 -204167
322 326,700 323,987 Diferencas sao devido a pequenas
318 323029 320108 modificacOes nas formulas de
320 324865 322 047 Regressao e Time Series e no
326 330372 327 867 namero de termos da Regresséao
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Partial Correlation = Autoregression

Y; = bo + b1Yy—1 + b2Ys—2 + -+ - + Ok Yi—k.

Os coeficientes bl b2 ...bk
sao os termos da Partial
Autocorrelation

Previs&o | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br 15



Theorectical Behavior for AR(1) O

A& Autocorrelations & Partial Autocaorrelations
1 1
k .
- -
s k- lag s
o (a) . )
¥ ACF->0 ¥
PACF =0forlag > 1
A& Autocorrelations 4 & Partial Autocorrelations
1 1
k-la k- la
D VAV/\/XA ; D .
-1 1
v v {s)

Yt :¢o ¢1 t— 1+¢2Yt—2+"'+¢th—p T &
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Theorectical Behavior for AR(2) Q14

& Autocorrelations & Partial Autocorrelations
1 1
K ‘ ‘ k-lag
I - ] -
k-lag
-1 (&) ] =)
Y ACF > 0 Y
A Autocorrelations PACF = 0 for lag > 2 & Partial Autocorrelations
1 1
/\ /\ k- lag ‘ k- lag
0 \/ \/ v/\v‘f\x > 0 ‘ >
| b -1 b
v (D) v s}

Yt — ¢o + ¢1Yt—1+ ¢2Yt— p e ¢th—p T &
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Theorectical Behavior for MA (1)

Q15

4 Autocorrelations &  Partial Autocorrelations
1 1
k- lag
- -
| ‘ g k- lag
L&) 1 =)
v il PACF - 0
ACF =0forlag > 1
A Autocorrelations A Partial Autocorrelations
1 1
‘ k- lag /\ /\ k- lag
0 - [ / \/ v/\vﬁx -
-
v s} v {s)

Y, =U+E—DE {— WL, >—...—WOE

g

t—(
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Theorectical Behavior for MA(2) A

,  njtocorrelations & Partial Autocorrelations

1 1
k- lag
[ - 0 -
B e

M b/ PACF = 0 for lag > 2

4  Autocorrelations & Partial Autocarrelations
1 1

‘ k- la _ 15
: ‘ . : \//\\//\v/\vﬁ\f N
1 (b) gl (b)

Y, =U+E—DE | — O >—.— D& _q
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Theorectical Behavior

Note that:
ACF PACF
« ARMA(p,0)
AR(p) Die out Cut off after the order = AR(p)
p of the process « ARMA(O,q)
MA(C]) Cut off after the order Die out = MA(@) 7
g of the process
AR I\/IA(p CI) Die out Die out
. In this context...
In practice, the values
of p and q each rarely * “Die out” means “tend to zero gradually”
exceed 2. « ” « g T »
7 | “Cut off’” means “disappear” or “is zero
A\l
Y =@+ A 1+ PN ot ¢th—p TE—WE 1~ O£ ;.. — W&
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Review of Main Characteristics of ACF

and PACF
ACF PACF
.d d/
MA(q) | cutsof afterlagq AR
dampedsinusoid
exp.decayand/or
AR(p) P ¥ cutsof afterlag p

dampedsinusoid
exp.decayand/or | exp.decayand/or

dampedasinusoid | dampedsinusoid

ARMA(p,q)
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* Weekly total number of loan applications

Example 5.1

The weekly data tend to have short runs and that

the data seem to be indeed autocorrelated. Next,

we visually inspect the stationarity. Although there

might be a slight drop in the mean for the
second year (weeks 53-104), in general it

seems to be safe to assume stationarity.

[ ]

[ ]

EXEMPLO PAG 267.MPJ

90 A
[ ]
[ ]

80
, ]
c
2
whd
g 7011
a
Q
<

[ ]
60 -
50 +
1 10 20 30

100

Previsao | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br

22




Example 5.1

Autocorrelation

Autocorrelation Function for Applications
(with 5% significance limits for the autocorrelations)

1,0-
0,8-

1. It cuts off after lag 2 (or maybe even 3),
suggesting a MA(2) (or MA(3)) model.

et el lda

[
-0,6 1 . :
2. Ithas an (or a mixture ot) exponential decay(s)
-0,8+ pattern suggesting an AR(p) model.
-1,0-
4 6 8 10 12 14 16 18 20 22 24 26

Previsao | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br
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Example 5.1

Partial Autocorrelation

Partial Autocorrelation Function for Applications
(with 5% significance limits for the partial autocorrelations)

1,0-
0,8-
0,6
0,4+
0,2
0,04

-0,2 -

-0,4-

-0,6 -

-0,8-

-1,0-

It cuts off after lag 2. Hence we use the
second interpretation of the sample ACF
plot and assume that the appropriate
model to fit is the AR(2) model.

AR A —AA

24
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Example 5.1

A utocorrelation

Autocorrelation Function for Applications Partial Autocorrelation Function for Applications
(with 5% significance limits for the autocorrelations) (with 5% significance limits for the partial autocorrelations)
1,0 1 1,0 -
0,8 - 0,8 -
0,6 4 0,6 -
0,4 ) ) ) S 0,4 -
- " — - =]
8
0,2 - 0 0,2 - - - - - - -
1=
1
9
0,0 - o 0,0 -
whd
=
<
0,21~ T 021 - - - - - -
— =
-0,4 - o -0,4 -

ACF

PACF

0,81 AR(p) Die out

Cut off after the order
p of the process

-1,0 1

2 4 6 8 10 12 14 16 18 20 22 24 26
Lag

2 4 6 8 10 12 14 16 18 20 22 24 26
Lag
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Example 5.1

TABLE 5.6 Minitab Output for the AR(2Z) Model for the Loan Application Data

Final Estimates of Parameters

Tvpe Coef SE Coef T P
AR 1 0.2682 0.0903 2.97 0.004
AR 2 0.4212 0.0908 4.64 0.000
Congtant 20.7642 0.6157 33.73 0.000
Mean 66.844 1.982

Number of obserwvations: 104
Fesiduals: S5 = 3974.30 (backforecasts excluded)
M2 = 39.35% DF = 101

Modified Box-Pierce (Ljung-Box) Chi-Sguare statistic

Lag 12 24 36 48 . e .
Chi-Square 6.2  16.0 24.9  32.0 The modified Box-Pler_ce test
DF 9 21 33 45 suggests that there is no
P-Value 0.718 0.772 0.843 0.927 autocorrelation left in the
residuals.

Previsao | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br
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Example 5.1

A utocorrelation

Autocorrelation Function for RESI1
(with 5% significance limits for the autocorrelations)

1,0 -

0,8 1

0,6 1

0,4 -

02— - - - -— -

0,0 -

-0,2 1 - - - - - -

-0,4 -

-0,6 1

-0,8 1

-1,0 -

10 12 14
Lag

2 4 6 8 16 18 20 22 24 26

Partial Autocorrelation

Partial Autocorrelation Function for RESI1
(with 5% significance limits for the partial autocorrelations)

1,0 -

0,8 1

0,6 1

0,4 -

02{—-—-— - — - — - —-

0,0 -‘_._l_r—l_l_l_n_‘_._l_l_LJ_Ll_l_'_L”

_0,2 4 - - - - - -

0,4 -

-0,6 -

-0,8 1

-1,0

10 12 14
Lag

2 4 6 8 16 18 20 22 24 26
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Example 5.1

99,9

99 4
90 +

Percent

104

N
o

Frequency

50

—
Ul

[y
o

Normal Probability Plot

'Q
[ ]
220 .10 0 10 20
Residual
Histogram
10 -5 0 5 10 15

Residual

Residual

Residual

20 4

10 ;

_10

Versus Fits

(3 '0., °°e o
° i °
| . 0‘,‘:..!»";5;‘".‘;'
° o 0’% o .
:‘ ‘.0.‘0. ) o®
° °® . °
4 ° °
60 65 70 75 80
Fitted Value

Versus Order

10 20 30 40 50 60 70 80 90 100

Observation Order
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Example 5.1

90 -

80 -

60 -

50

Variable
* —@— Applications
—B— FITS1

Previsao | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br

29



Example 5.1

Applications

Time Series Plot for Applications
(with forecasts and their 95% confidence limits)

90-
[ ]
[ )
80- f’“
' 3
[ ] [ ]
70- ]
[ ]
60-
[ ]
50 Lpassarss
10 20 30 40 50 60 70 80 90 100 110
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Example 5.1

Final Estimates of Parameters

Iype Caoef SE Coef T P
AR 1 0,2882 0,09803 2,97 0,004
ER 2 0,4212 0,0808 4,64 0,000
Constant 20,7642 0,8157 33,73 0,000
Mean 66,844 1,882

humber of cbservations: 104
Residuals: sS 3974,30 (backforecasts excluded)
MS = 39,35 DF = 101

Modified Box-Pierce (Ljung-Box) Chi-Square statistic

Lag 12 24 36 48
Chi-Square 6,2 18,0 24,9 32,0
DF 9 21 33 45
P-Value 0,718 0,772 0,843 0,927

Forecasts from peried 104

95% Limits
Pericd Forecast Lower Upper Actual
105 62,5084 50,2120 74,8088
106 64,0824 51,3303 76,7944
107 €4,2723 50,1700 28,3745
108 64,9826 50,5616 79,4038
1098 65,2615 50,4537 £0,0894
110 65,6355 50,6693 80,6018
111 £5,8533 50,7542 £0,9524
112 66,0692 50,9005 21,2378
113 66,2188 51,0003 £1,4373
114 66,3499 51,1023 81,5975
115 66,4480 51,1810 £1,7151
116 66,5296 51,2506 21,8085
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Example 5.2

Dow Jones Index

Exemplo: Pagina 271

12000 A
11000 ~
()]
2 10000 ~
(=}
L=
3
8 -
9000 - The process shows signs
of nonstationarity with
changing mean
8000 - and possibly variance.

1 8 16 24

32 40
Index

48
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Example 5.2

Autocorrelation

Autocorrelation Function for Dow Jones
(with 5% significance limits for the autocorrelations)

1,0
0,8-
0,6-
0,4-
0,2-
0,0-

-0,2-

-0,4-

-0,6

-0,8-

-1,0-

—_ ———— = ———

N

~

~

~

\

The slowly decreasing sample ACF and sample PACF with
significant value at lag 1, which is close to 1 confirm that
indeed the process can be deemed nonstationary.

4 6 8 10 12 14 16 18 20
Lag
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Example 5.2

Partial Autocorrelation

Partial Autocorrelation Function for Dow Jones
(with 5% significance limits for the partial autocorrelations)

1,0-
0,84
0,64
0,44
0,24

0,0
-0,2
-0,4-
-0,6
-0,8-
-1,0-

One might argue that the significant sample PACF value at lag |
suggests that the AR( I) model might also fit the data well.

We will consider this interpretation first and fit an AR( 1) model
to the Dow Jones Index data.

2 4 6 8 100 12 14 16 18 20
Lag
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Example 5.2

TABLE 5.7 Minitab Output for the AR(1) Model for the Dow Jones Index

Final Estimates of Parameters

Type Coef
AR 1 0.9045
Constant 984.94
Mean 10309.9

SE Coef T P
0.0500 18.10 0.000
44.27 22.25 0.000
463 .4

Number of observations: 85

Residuals: SS
MS

13246015 (bhackforecasts excluded)
159581 DF = 83

The modified Box-Pierce test

Modified Box-Pierce (Ljung-Box) Chi-Square statistic | SUQQeSts that there is no

autocorrelation left in the

gig . 212 1423 2132 2942 residuals. This is also

DFl‘ quare . - 1 L6 confirmed by the sample ACF

P-Value 0.991 0.872 0.954 0.977 and PACF plots of the
residuals
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Example 5.2

Partial Autocorrelation Function for RESI1
(with 5% significance limits for the partial autocorrelations)

Autocorrelation Function for RESI1
(with 5% significance limits for the autocorrelations)

A utocorrelation

1,0 - 1,0 -

0,8 0,8 1

0,6 - 0,6 -

0,4 1 S 0,4
S

— E

0,2 1 - - - - . o 0,21 - - - - - -
s

0,0 - (T . S 00fyy-—tal 1 1

I g I "]

<

-0,2 - - _ _ _ = 0,24 - - - - - -
s
t ™

-0,4 - e -0,4

-0,6 -0,6

-0,8 1 -0,8

-1,0 1 -1,0 1

2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
Lag Lag
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Example 5.2

Percent

Residual Plots for Dow Jones

Normal Probability Plot
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The only concern in the residual plots in
Is in the changing variance observed in
the time series plot of the residuals.
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Example 5.2

Overall 1t can be argued that an AR(1) model provides a decent fit to the data.
However, we will now consider the earlier interpretation and assume that the Dow
Jones Index data comes from a nonstationary process. We then take the first difference
of the data as shown in Figure 5.22. While there are once again some serious concerns
about changing variance, the level of the first difference remains the same. If we ignore
the changing variance and look at the sample ACF and PACF plots given in Figure 5.23,
we may conclude that the first difference 1s in fact white noise. That 1s, since these
plots do not show any sign of significant autocorrelation, a model we may consider
for the Dow Jones Index data would be the random walk model, ARIMA (0, 1, 0).
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Example 5.2
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FIGURE 5.22 Time series plot of the first difference wi{f) of the Dow Jones Index data.
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Example 5.2

Now the analyst has to decide between the two models: AR(1) and ARIMA
(0, 1. 0). One can certainly use some of the criteria we discussed in Section 2.6.2 to
choose one of these models. Since these two models are fundamentally quite different,
we strongly recommend that the analyst use the subject matter/process knowledge as
much as possible. Do we expect a financial index such as the Dow Jones Index to
wander about a fixed mean as implied by the AR(1)? In most cases involving financial
data, the answer would be no. Hence a model such as ARIMA(O, 1. 0) that takes into
account the inherent nonstationarity of the process should be preferred. However, we
do have a problem with the proposed model. A random walk model means that the
price changes are random and cannot be predicted. If we have a higher price today
compared to yesterday, that would have no bearing on the forecasts tomorrow. That
Is. tomorrow’s price can be higher or lower than today’s and we would have no way
to forecast it effectively. This further suggests that the best forecast for tomorrow’s
price is in fact the price we have today. This 1s obviously not a reliable and effective
forecasting model. This very same issue of the random walk models for financial
data has been discussed in great detail in the literature. We simply used this data to
tlustrate that in time series model fitting we can end up with fundamentally different
models that will fit the data equally well. At this point, process knowledge can provide
the needed guidance in picking the “right”™ model.
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Example 5.5

« U.S. Clothing Sales Data Exemplo: Pagina 283
17500 {| The data obviously exhibit some 1
seasonality and upward linear trend.c |, . ?
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12500 4 1 1 |
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| | | | | | | | | | |
jan-92 fev-93 abr-94 jun-95 ago-96 out-97 dez-98 fev-00 abr-01 jun-02 ago-03
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Example 5.5

Autocorrelation

Autocorrelation Function for Sales
(with 5% significance limits for the autocorrelations)
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-0,64 | The sample ACF and PACF indicate a monthly seasonality,

0,84 | s = 12, as ACF values at lags 12, 24, 36 are significant and slowly

104 decreasing |
1 5 10 15 20 25 30 35
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Example 5.5

Autocorrelation

Autocorrelation Function for Sales
(with 5% significance limits for the autocorrelations)
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0,84 | s = 12, as ACF values at lags 12, 24, 36 are significant and slowly

104 decreasing |
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Example 5.5

Partial Autocorrelation

Partial Autocorrelation Function for Sales
(with 5% significance limits for the partial autocorrelations)

There is a significant PACF value atlag 12 thatis close to 1. Moreover,
the slowly decreasing ACF in general also indicates a
nonstationarity that can be remedied by taking the first difference. Hence

we would nowconsndgr w, = (1 — B)(1'— BIZ)Y

1

5 10 35
Lag
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Example 5.5

C1-D C2 C3 c4 Cc5 C6
Date | Sales | First Dif Comp Dif RESH | FITS1
jan-92 4889 *| J *| .
fev-92 5197 308 . . .
mar-92 6061 864 * * *
abr-92 6720 659 . . .
mai-92 6811 91 : . .
jun-92 6579 232 . . .
jul-92 6598 19 . ‘ .
ago-92 7536 938 . . .
set-92 6923 613 . ‘ .
out-92 7566 643 . . .
nov-92 8257 691 * * *
dez-92 12304 4547 * * *
jan-93 5480  -7324 . . .
fev-93 5322 158 466 -157.356  5479.4
mar-93 6390 1068 204 -30502 64205
abr-93 7155 765 106 149,036  7006.0
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Example 5.5

Partial Autocorrelation

Partial Autocorrelation Function for Sales
(with 5% significance limits for the partial autocorrelations)

There is a significant PACF value atlag 12 thatis close to 1. Moreover,
the slowly decreasing ACF in general also indicates a
nonstationarity that can be remedied by taking the first difference. Hence

we would nowconsndgr w, = (1 — B)(1'— BIZ)Y

1

5 10 35
Lag
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Example 5.5

Figure shows that first difference
1500 A together with seasonal

differencing helps in terms of

1 stationarity and eliminating the
1000 - seasonality
®
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Example 5.5

Autocorrelation

Autocorrelation Function for Comp Dif
(with 5% significance limits for the autocorrelations)
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0,4-
0,2-

0,0
-0,2-
-0,4-
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-0,8-
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Example 5.5

Partial Autocorrelation

Partial Autocorrelation Function for Comp Dif
(with 5% significance limits for the partial autocorrelations)

1,0
0,8-

0,6
0,4-

0,2- _l
0,0 : l.

' [T7 ° | I I I | I'T J1
ST AR
041 The sample ACF with a significant value at lag 1 and the
-0,64 sample PACF with exponentially decaying values at
-0,8+ the first 8 lags suggestthat a nonseasonal MA(I)
-1,0- model should be used.

1 5 10 15 20 25 30
Lag
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Example 5.5

The interpretation of the remaining seasonality Is a
bit more difficult. For that we should focus on the
sample ACF and PACF values at lags 12. 24,
36, and so on. The sample ACF atlag 12 seems
to be significant and the sample PACF at lags
12, 24, 36 (albeit not significant) seems to be
alternating in sign. That suggests that a
seasonal MA(1) model can be used as well. Hence
an ARIMA(O, 1, 1) x (0, 1, 1) 12 model is used
to model the data, yt
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Example 5.5

Final Estimates of Parameters

Iype Coef
MR 1 0,7838
kMa 12 0,4956
Constant 1,662

SE Coef
0,056l
0,0804

2,699

Differencing: 1 regular,
Number of observations:

Residuals: S5
M5

=

T
13,98
6,16
0,62

P
0,000
0,000
0,539

Both MA( 1) and seasonal MA( 1)
coefficient estimates are significant.

1 seascnal of order 12
Original series 144, after differencing 131

9232198 (backforecasts excluded)
72127 DF = 128

Modified Box-Pierce (Ljung-Box) Chi-Square statistic

Lag 12
Chi-Square 16,0
DF 9
P-Value 0,088

24
33,1
21
0,045

36
62,5
33
0,001

48
84,2
45
0,000

As we can see from the sample ACF
and PACF plots, while there are still some
small significant values, as indicated by the
modified Box-Pierce statistic, most of the
autocorrelation is now modeled out.
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Example 5.5

A utocorrelation

Autocorrelation Function for RESI1
(with 5% significance limits for the autocorrelations)

Partial Autocorrelation Function for RESI1
(with 5% significance limits for the partial autocorrelations)

1,0 1 1,0 1
0,8 - 0,8 -
0,6 4 0,6 4
0,4 - S 0,4 -
_ &
02{— - — - — - — - — = " o 0,2 - - i - - -
S
0,0 - S 0,0-
5
<
-0,2 - - - _ _ _ = 0,2 - - - - - S
-0,4 - & 0,4
061 | As we can see from the sample ACF and PACF plots, while there
g4 |are still some small significant values, as indicated by the modified
Box-Pierce statistic, most of the autocorrelation is now modeled out.
-1,0 1

-I,0 1
T

5 10 15 20 25 30 1 5 10 15 20 25 30
Lag Lag
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Example 5.5
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Example 5.5

Time Series Plot for Sales
(with forecasts and their 95% confidence limits)
20000 -
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Food

Example Minitab

Time Series Plot of Food
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Diferences

Minitab - Untitled - (i %

J@ File Edit Data Calc Stat Graph Editor Tools Window Help Assistant

s & smelo- Bt A2 | EBBOY

| £ |-EE il | 2| IINToON o Lt ef bal
. c1 c2 c3 c4 c5 c6 c7 C
Trade Food Metals
1 322 535 442 ‘ |
3 319 53]
4 323 Series: ]Food
5 327 Store differences in: [W
6 328 |
325
; 326 | Leo: 12
9 330
10 334
1 337
12 341
13 32
14 318 |
15 320
16 326
17 332
18 334

Food2

Time Series Plot of Food2

18 24 30 36 42 48 54 60
Index
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Autocorrelation

The graphs for the autocorrelation function (ACF) of
the ARIMA residuals include lines representing two
standard errors to either side of zero. Values that
extend beyond two standard errors are statistically
significant at approximately a = 0.05, and show
evidence that the model does not explain thel
autocorrelation in the data.

Autocorrelation Function for Food2
(with 5% significance limits for the autocorrelations)

1,0
0,8
o644

0,4- /Tﬂw— ------- ——
0,2 ‘ ‘ | ‘ |

-0,2
04 < T—
-0!6 -
-0,8
-1,0

Autocorrelation

T ———

Because you did not specify
the lag length,
autocorrelation uses the
default length of n/ 4 for a
series with less than or
equal to 240 observations.
Minitab generates an
autocorrelation function
(ACF) with approximate a =
0.05 critical bands for the
hypothesis that the
correlations are equal to
Zero.
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Autocorrelation

-0,2
-0,4-
-0,6
-0,8
-1,0-

Autocorrelation

Autocorrelation Function for Food2
(with 5% significance limits for the autocorrelations)

1,04
0,8
0,6
0,4
0,2+
0,0

e e =

The ACF for these
data shows large
positive, significant
spikes at lags 1 and
2 with subsequent
positive
autocorrelations that
do not die off
quickly. This pattern
IS typical of an
autoregressive
process.
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77T Minitab - Untitl
File Edit C

=E &

Autocorrelatic

Lag ACF
1 0,701388
2 0,512266
3 0,366882
4 0,310364
5 0,234743
6 0,173069
7 0,162046
2 0,170051
9 0,322432
10 0,252774
11 0,208020
12 0,150936

Autocorrelatic

Welcome to Minital

’-:-

Ljung-Box g statistic

Use to test whether a series of observations over time are random and independent. If
observations are not independent, one observation may be correlated with another
observation k time units later, a relationship called autocorrelation. Autocorrelation can
impair the accuracy of a time-based predictive model, such as time series plot, and lead to
misinterpretation of the data.

For example, an electronics company tracks monthly sales of batteries for five years. They
want to use the data to develop a time series model to help forecast future sales. However,
monthly sales may be affected by seasonal trends. For example, every year a rise in sales
occurs when people buy batteries for Christmas toys. Thus a monthly sales observation in
one year could be correlated with a monthly sales observations 12 months later (a lag of
12).

Before choosing their time series model, they can evaluate autocorrelation for the monthly
differences in sales. The Ljung-Box Q (LBQ) statistic tests the null hypothesis that
autocorrelations up to lag k equal zero (i.e., the data values are random and independent
up to a certain number of lags--in this case 12). If the LBQ is greater than a specified critical
value, autocorrelations for one or more lags may be significantly different from zero,
suggesting the values are not random and independent over time.

LBQ is also used to evaluate assumptions after fitting a time series model, such as ARIMA,
to ensure that the residuals are independent.

The Ljung-Box is a Portmanteau test and is a modified version of the Box-Pierce chi-square
statistic.
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Minitab - Untitled - [ (=

Jﬂ File Edit Data Calc Stat Graph Editor Tools Window Help Assistant

=18Ix]

| sd|& s nad--E 1 1 M50 H CRBOY Y v CHE| B

BREETT R

" TooN = b|]dial] %10 > »|ct

c10

You can use the Ljung-Box Q

Calculate probabilities from a Chi-square distribution

==

Cc1 c2 c3 c4 (] Ce ci cs c9
Trade Food Metals Food2

2 i 53.0 443
3 119 532 444 " Probability density

{* Cumulative probability
4 S 525 4=l Moncentrality parameter: I 0,0
5 327 534 428 g ”

" Inverse cumulative probability
6 328 56,5 44,3 Moncentrality parameter: [p,0
7 325 65,3 44 4
8 326 70,7 44,8 Degrees of freedom: I [
9 330 66,9 44 4
10 334 582 431 € mputeokmn: [
1 33 55.3 428 Optional storage: I
12 M 534 424 p
13 322 52,1 422 | ¢ Inputconstant:  ['56,03
14 318 E15 418 ﬂl Optional storage: I CumProb|
15 320 85 401

QK C |
16 326 524 420 | =
17 332 533 42 4
18 334 BG5S 431 -1.0
19 335 64,2 42 4 1.1
20 336 69,6 431 -11 .
2 335 693 432 24 Variable
22 338 58,5 428 0.3 .
n  w =3 s o CumProbis
24 348 536 428 02
25 330 523 425 02 C r e ate d
26 326 85 426 0,0
<l

. (LBQ) statistic to test the null
hypothesis that the autocorrelations
~ for all lags up to lag k equal zero.

. Let's test that all autocorrelations
up to a lag of 6 are zero. The LBQ
statistic is 56.03.

Ho: Autocorrelation (lag<6) = 0

17:49

A FEROEFE N ™EF B

29/08/2012
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J File Edit Data Calc Stat Graph Editor Tools Window Help Assistant

FEIE Y I

SIS

OS2 CBBOHE T ADE B

| 5o |2 i8] o] @ I ToON o || bals] )10 € » 2 |cter| )
(& Session o|[@] =]
Time Series Plot of Food2
Autocorrelation Function: Food2 —_————
Trade Store result in variable: IPvalue|
Lag ACF T  1BQ :I‘::gls Expresons
1 0,701388 4,86 25,12 B
2 0,512266 2,52 38,81 ool s 1-Cumprobab E
3 0,366882 1,60 45,99 CumProbab
4 0,310364 1,29 51,24
5 0,234743 0,94 54,32 Funclions:
] =] o] oo |
™| ;‘ il il Absolute value ;
[ EMPLOY.MTW =+ 7| A o |[@ ][ =]
Arccosine o
4 c1 C2 C3 :I or Arctangent C12 c13 c14 C15 C16 c17 Cc18 C19 C20 ~
Trade Food | Metals ﬂ Not = L
1 322 535 442
2 317 53.0 443
3 319 53.2 4.4 I™ Assign as a formula
4 323 525 434 [ox |
5 327 53,4 428
6 328 56,5 443
7 325 65,3 444 X
8 326 70,7‘ 448 *
9 330 669 444 2 "
< o - - : »
T e ' |I

Calculate ranges of expressions using calculator functions

P aRO®&FO % ™ B ¢

17:53
29/08/2012
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File Edit Data Calc Stat Graph Editor Tools Window Help Assistant

FHE $B@| #i O ABROH IR0 EHE B
£ =2 ol fi &
Session |E||E| x4

Time Series Plot of Food2

e In this example, the p-value Is
D 0.000000, which means the p-

1l 0,701388 4,88 25,12 [

> e Lo value is less than 0.0000005. The

0,234743 0,94 54,32

. very small p-value implies that

< |

DleveLovami— one or more of the Sloas

A T autocorrelations up to lag 6 can

womoan be judged as significantly
w e an different from zero at any

36 707 443 reasonable a Ievel.

330 66,9 44 4

|;we=-4mm.h-uw—r

= .
o | [—

Current Worksheet: EMPLOY.MTW

7s3 |

PT : & E e @ .
CSROFOHYF B J
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Minitab - umiﬂM ) ]
B me s ome o e e s s wneow e e P@rtial @autocorrelation computes and plots the

- éﬂf@ e O 2 8BEC gartial autocorrelations of a time series. Partial
T © < autocorrelations, like autocorrelations, are
o “w ; correlations between sets of ordered data

P m oa 5 T - s pairs of a time series. As with partial

o W e correlations in the regression case, partial

o= EEZQ A IT",'foi:f::::;ﬁ. autocorrelations measure the strength of

0] | jj;; = e relationship with other terms being accounted for.
woow o me a2 The partial autocorrelation at a lag of k is the

5 ow s ot correlation between residuals at time t from an
-z autoregressive model and observations at lag k
N TR B I 7S with terms for all intervening lags present in the
R - autoregressive model. The plot of partial

m| e wa as o autocorrelations is called the partial

TR T - autocorrelation function or PACF. View the PACF
e t0 guide your choice of terms to include in an

ARIMA model.
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[ File Edit Data Calc Stat Graph Editor Tools Window Help Assistant == x|
EE &S FtB2@E & Q% ABEE®E 3% E [ E

= oo dii 7

. c1 2 © ca c5 C6 ci 8 co c10 C11 c12 c13 c14 c15 c16 cir c18 c19 co | -

Trade Food | Metals | Food2 (4

e =) - -

3 39 532 s | ———— un_clm - ¥ YOU Obtaln a partlal

4 33| 525 434 | Serest |Food . .

s || sl e autocorrelation function

6 328 56,5 443 : {™ Number of lags: ,7

7 325 65.3 444 .

8 32| 707 448 | S g (PACF) Of the fOOd IndUStry

9 330 66.9 444

10 334 53,2 231 | Tite: | I t d t ft

11 337 56,3 26 | emp Oymen a a1 a er

12 341 534 24 | . .

v w2 @i a2 | taking a difference of lag 12,

14 318 515 18 | ) )

15 320 515 401 T

I IR —— <. I Inorderto help determine a

17 332 533 424 .

18 34 sss 431 v - — — — - — ||ke|y ARIMA model.

19 335 64,2 424 .1

20 336 59,6 431 .1

27 335 59,3 43,2 2.4

2 338 585 423 0.3

23 342 55.3 430 0.0

2 348 536 423 0.2

25 330 523 425 0.2

2% 326 515 426 0.0 i
< 3

Plot partial autecorrelations of time series

" =L &
Fe gROF®% ™ @F 8 50

29/08/2012
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T TE———— VINItAD geNnerates a partial

dh File Edit Date Calc Stat Graph Editor Tools Window Help Assistant 1 1 1 _
il T ST LTI It aqt_ocorrelatlon function with
L e = critical bands at

Partial Autocorrelation Function for Food2 approximately a = 0.05 for

(with 5% significance limits for the partial autocorrelations)

- the hypothesis that the
08- correlations are equal to
£ Zero.
£ o s . T ‘‘‘‘‘ In the food data example,
C Y — ' — " there is a single large spike
g 0 of 0.7 at lag 1, which is
. i typical of an autoregressive
ol process of order one. There

1 2 3 4 s & 7 8 9 1w |salso a significant spike at
lag 9, but you have no
evidence of a nonrandom |
process occurring there.
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===

$ By ‘;‘ ) Cu TEE' 1 1 Y §§

| 2 |22 it | | 2]

Lag

0~ o U s W N

o e
N - O w

<[l

PACF
0,701388
0,039998

-0,012022
0,092572
-0,034921
-0,014194
0,075222
0,049848
0,32693¢6
-0,227678
0,005302
-0,000979

Partial Autocorrelation Function: Food2

T
4,86
0,28

-0,08
0,64
-0,24
-0,10
0,52
0,35
2,27
-1,58
0,04
-0,01

Partial Autocorrelation for Food2

Welcome to Minitab, press F1 for help.
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tiino 770 Use ARIMA to model time series behavior

== = = and to generate forecasts. ARIMA fits a 7=

Box-Jenkins ARIMA model to a time series.

©  ARIMA stands for Autoregressive

Integrated Moving Average with each term

= representing steps taken in the model

construction until only random noise

= remains. ARIMA modeling differs from the

= other time series methods in the fact that

- ARIMA modeling uses correlational

2 techniques. ARIMA can be used to model |

wer— patterns that may not be visible in plotted
data.
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I Cc1 c2 o] c4 _7 € | €6 | €& | € | € | & | o | c12 | c13 | C14 | C15 | €16 €7 | €18 | €19 | € | i | 2 | €3 | cM4 | €5 | %6 | €2 | c»’ | C-

Trade | Food Metals |

1 322 535 442
2 317 530 443
3 319 532 444 [ ariMa 5
4 323 525 434
5 327 34 4238 Series: | Food [V Fit seasonal model
Period: 12

6 328 565 443
7 [ 325 65.3 4.4 Nonseasonal Seasonal
8 T 326 707 148 Autoregressive: 1 0
9 330 66.9 444 Difference: o 1
N e s ° ~ ‘
12 341 53'4 42.4 [V Indude constant term in model ARIMA - Graphs & 3
13 | 322 521 422 ™ Starting values for cosfficents: | [ Time series piot (nduding optionsl forecasts)
14 318 515 4138 A
15 320 515 101 Sraphs.i: Forecasts¢ [V ACF of residuals
16 326 524 420 | e | i F—— I PACF of residuals
17 332 533 424 ——7 & Tndividual plots

[ Help oK Cancel I~ Histogram of residusls
18 3% 5.3 il e | & | Teni g [ Normal plot of resicuals
19 335 642 124 [ Residuals versus fits
20 336 636 431 [ Residusis versus order
21 335 693 432 i (~ Fourin one
2 338 585 428 Residusls versus the variables:
2| 2| 83 430 ] ’
24 343 536 423 =
25 330 523 425 b | cance_|
2% 326 515 426 U |
27 | 329 £17 409 \
8 |
2
e an of the food employment data suggest an
3
7] . .
» | autoregressive model of order 1, or AR(1), after taking a
= | ’ ’
35
36 - ] .
- | difference of order 12. You fit that model here, examine
38 | . ]

.| diagnostic plots, and examine the goodness of fit. To take a
seasonal difference of order 12, you specify the seasonal
period to be 12, and the order of the difference to be 1.

;
w3 | |
08/2012
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| o | & @3 | ¢ | e | e | c | € | e | c€w | cf | c12 | c13 | €14 | €15 | €6 | € | c8 | c9 | c0 | €21 | c2 | €3 | c4 | €5 | €26 | cu | € | Cz-
Trade Food Metals
1 322 535 442
2 317 53.0 443
3 319 532 444 = =
4 323 525 434
5 327 534 4238 Series: | Food [V Fit seasonal model
period: |12
6 328 565 443
7 | 35 653 M4 Nonsessonsl  Seasonal
il 306 707 8 Autoregressive: |1 — [
9 330 66.9 444 Difference: o 1
10 | 334 58.2 431 vowgaversge: [0 [0
1" 337 553 426 7 <
Includ tan del - =

12 341 534 424 [V Indude cons! nermlnn‘\n ARIMA - Graphs @
13| 2 521 422 T Stoiia vehies ftcomficentsr | [ Time series plot (incuding optionl forecasts)
14 318 515 4138 Residual Plots
15 320 515 401 Seapmind ||| [ Forematsi [ ACF of residusls
% 326 524 420 | o=k | = T [ PACF of residusls
17 332 533 424 e (& Individual plots

[ Help oK Cancel I~ Histogram of residuals
LAl s 5.3 il | == I~ Normal plot of residuals
19 335 642 424 [ Residuals versus fits
20 336 69.6 431 I~ Residuals versus order
21 335 69.3 432 (" Four in one
2 338 585 4238 Residuals versus the variables:
23 | 342 553 430 ’
24 348 536 4238 | Sfee )

A OWN

(pdq) is for a nonseasonal model; (PDQ) for a seasonal, and S is the seasonality.

At least one of the p, P, g, or Q parameters must be non-zero, and none may exceed five.

The maximum number of parameters you can estimate is ten.

At least three data points must remain after differencing. Thatis, S * D + d + 2 must be less than the number of
points, where S is the length of a season.
5 The maximum "back order" for the model is 100. In practice, this condition is always satisfiedif S*D +d +p +
P+ g+ Qis at most 100.
6 The ARIMA model normally includes a constant term only if there is no differencing (that is, d = D = 0).

7 Missing observations are only allowed at the beginning or the end of a series, not in the middle.

8 The seasonal component of this model is multiplicative, and thus is appropriate when the amount of cyclical
variation is proportional to the mean.
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ARIMA Model: Food

The ARIMA model converged after nine iterations. The
AR(1) parameter had a t-value of 7.42. As a rule of thumb,
you can consider values over two as indicating that the
associated parameter can be judged as significantly
T different from zero. The MSE (1.1095) can be used to
compare fits of different ARIMA models.
The Ljung-Box statistics give nonsignificant p-values ,
-~ - " indicating that the residuals appeared to uncorrelated. The
R ACF and PACF of the residuals corroborate this. You

I e e assume that the spikes in the ACF and PACF at lag 9 are
the result of random events

PACF of Residuals for Food

The coefficients are estimated using an iterative algorithm that
calculates least squares estimates. At each iteration, the back
forecasts are computed and SSE is calculated.

«

Welcome to Mir

Back forecasts are calculated using the specified model and e e e RERD G 2
the current iteration's parameter estimates

Editable

L
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Box and Jenkins [2] present an interactive approach for fitting
ARIMA models to time series. This iterative approach involves
T e s identifying the model, estimating the parameters, checking model
-~ adequacy, and forecasting, if desired. The model identification step
generally requires judgment from the analyst.
— = . 1 First, decide if the data are stationary. That is, do the data
possess constant mean and variance .
Examine a time series plot to see if a transformation is required
- 10 give constant variance.
Examine the ACF to see if large autocorrelations do not die out,
__indicating that differencing may be required to give a constant
mean.

cwiei o A seasonal pattern that repeats every kh time interval suggests
“oUUT™  taking the kth difference to remove a portion of the pattern. Most
series should not require more than two difference operations or
orders. Be careful not to overdifference. If spikes in the ACF die out
rapidly, there is no need for further differencing. A sign of an
overdifferenced series is the first autocorrelation close to -0.5 and

small values elsewhere.
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2 Next, examine the ACF and PACF of your stationary
e data Iin order to identify what autoregressive or moving
-as - = gverage models terms are suggested.
T An ACF with large spikes at initial lags that decay to
zero or a PACF with a large spike at the first and
possibly at the second lag indicates an autoregressive
. process.
e+ AN ACF with a large spike at the first and possibly at
- R the second lag and a PACF with large spikes at initial
FEEL |ags that decay to zero indicates a moving average
.. .: .. Process.
e+ 1he ACF and the PACF both exhibiting large spikes
e that gradually die out indicates that both autoregressive
and moving averages processes are present.
For most data, no more than two autoregressive |
i i parameters or two moving average parameters are ;
required in ARIMA models.

| Ea

Previs&o | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br 72



3 Once you have identified one or more likely models, you

esessmmmmn A€ ready to use the ARIMA procedure. p—
sus o« miacs «  Fit the likely models and examine the significance of
| = —— parameters and select one model that gives the best fit. -

- Check that the ACF and PACF of residuals indicate a
1 random process, signified when there are no large spikes.
You can easily obtain an ACF and a PACF of residual using
~ ARIMA's Graphs subdialog box. If large spikes remain,
consider changing the model.
You may perform several iterations in finding the best
s =% model. When you are satisfied with the fit, go ahead and
- e e . INIAKE fOrecasts.

The ARIMA algorithm will perform up to 25 iterations to fit a
given model. If the solution does not converge, store the
estimated parameters and use them as starting values for a
second fit. You can store the estimated parameters and use
them as starting values for a subsequent fit as often as
necessary.
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The graphs for the ACF and PACF of the ARIMA residuals
mclude lines representing two standard errors to either

llllllllllllllll

o]

errors are statlstlcally significant at approximately a = 0.05, —

B Project M| e[

=% and show evidence that the model has not explained all
autocorrelation in the data.

0,8-
0,6
0,4-
0,2
0,0 I : , : | ' |
-0,2-
-0,4-
-0,6
-0,81
-1,0-

Autocorrelation

S - "\ TE SR AROR DO g,
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PACF of Residuals for Food
(with 5% significance limits for the partial autocorrelations)

0,61
0,4-
0,21

0,0 . | . | ! ' ;
-0,2
-0,4-
-0,6-

Partial Autocorrelation
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7,37 318 ! 532 Period: 12
S 323 525
327 534 sl eaenidl .
e == —— — well so you use it to forecast
’«7 325' 653 Difference: 0 1 y
8 | 3 707 e i a—
8 330 66.9 [V Include constant term inm I t
ol S te e e empioyment.
! V' Time series plot (induding
iz 1| 534 3 . _ |
13N 322 | 21 = [~ ACF of residuals
LT sl Sy R [~ PACF of resduals 3
15 320 515
6 326 524 _tee | | “ }r—ﬁ:‘«:fﬁ:n‘ifm
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Time Series Plot for Food
(with forecasts and their 95% confidence limits)
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Welcome to Minitab, press FL for help.
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The ARIMA algorithm is based on the fitting routine
In the TSERIES package written by Professor
William Q. Meeker, Jr., of lowa State University.

* W.Q. Meeker, Jr. (1977). "TSERIES-A User-
oriented Computer Program for Identifying, Fitting
and Forecasting ARIMA Time Series Models," ASA
1977 Proceedings of the Statistical Computing
Section.

* W.Q. Meeker, Jr. (1977). TSERIES User's
Manual, Statistical Laboratory, lowa State
University.

N e8RS D o
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lllustration Using ARIMA(1,1,1)

 ARIMA(1,1,1) process is given as

1-¢B)1-B)y;.. =(1-B)e:..
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pdq

PDQ

The algebra is simple but can get lengthy, so for illustrative pur-
poses consider the following general ARIMA(1,1,1)(1,1,1)4 model:

(1-¢1B)(1—@,B*)(1 - B)(1- {3‘1)3’1 = (1= 6B)(1— e Be;

Non-seasonal Non-seasonal Non-seasonal
AR(1) difference MA(1)
Seasonal Seasonal Seasonal
AR(1) difference MA(1)

All the factors can be multiplied out and the general model written
as follows:
i = (+éd1)Yi1— 1Yo+ (14 0)Y,y
—(1+¢1+ P+ ¢121)Ye5+ (61 + 01®1) Y
= 1Y 5+ (@1 4+ ¢1P1)Yi—9 — 1 21Yi-10
+ e —bre ) — Ore—g + 0,0,€4_5. (7.23)

In this form, once the coefficients ¢;, ®;, 6,, and ©; have been
estimated from the data, equation (7.23) can be used for forecasting.

Note that the constant term has been omitted for clarity. If Y;
is replaced by (Y; — u), where u is the mean of the Y values, then
a constant term would ultimately appear on the right-hand side of
equation (7.23).
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