| MONASH
MONASH BUSINESS
¥ University SCHOOL

ETF3231/5231
Business forecasting

Week 9: ARIMA models
https://bf.numbat.space/

Monash University CRICOS Provider Number. 00008C



https://bf.numbat.space/

=0
grova
(o C+ O
c= 0
e C’#_ o
brewd
c=0

quJ‘/‘k""c C;l O
Hw“ [

;b(B) O—E)dlh cc+ 0(B)+ g,

d:o
d=0
d= 1L
d=1
d=2
d=2

(P,i) — ghert - vumn
(ﬂ,d) - bouj—lmm

A

Yyew — 0 ARMA stet avou-d €(y.)=0

A

Y1 ™ Ely,) " ‘ " Ely)#0

a

Yotm = Comst Pyt ALMA o &ifE of R s stk ccnd e

kema port Lild Cnverpe Fo const.

PN+ dnaft + ALmMA

Tao anit rots

Do IT At Yoor OwnN  Blsg,


George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

iPad Pro 11" 3

iPad Pro 11" 3

iPad Pro 11" 3

iPad Pro 11" 3

iPad Pro 11" 3

iPad Pro 11" 3

iPad Pro 11" 3


C et +
g
CI/Vl+
('M Ssnw-ffl
sl
cder)

fesp et
Cﬁ;"
-
5

e

/N P


George

George

George

George

George

George

George


CFrTEA JusT To RECAP

ACF PACF

il Ap-(3)

x \-me o{’l/\aor\\j /‘ve,o,,cf)v:r ACP/PA‘CF wé comw {;e/(] QX{’V&I /('2 ov A/‘/* ordes


George

George

George

George

George

George

George

George

George

George

George

George

George

George

George

George


ARIMA modelling in R
Forecasting

Seasonal ARIMA models
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ARIMA modelling in R



Modelling procedure with ARIMA ()

Plot the data. Identify any unusual observations. Aluays

If necessary, transform the data (using a Box-Cox transformation) to

stabilize the variance.

If the data are non-stationary: take first differences of the data until

the data are stationary. wale dehonomy 1 da meom

Examine the ACF/PACF: Is an AR(p) or MA(g) model appropriate? -4

Try your chosen model(s), and use the AlCc to search for a better .
model.

I Check the residuals from your chosen model by plotting the ACF of the
residuals, and doing a portmanteau test of the,residuals. If they dg, . ...
not look like white noise, try a modified-model.

Once the residuals look like white noise, calculate forecasts.
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Automatic modelling procedure with ARIMA()

Plot the data. Identify any unusual observations.
If necessary, transform the data (using a Box-Cox transformation) to
stabilize the variance.

Use ARIMA() to automatically select a model.

I check the residuals from your chosen model by plotting the ACF of the
residuals, and doing a portmanteau test of the residuals. If they do
not look like white noise, try a modified model.

Once the residuals look like white noise, calculate forecasts.



Modelling procedure

1. Plot the data. Identify.
unusual observati
Understand patterns.

Select model
order yourself.

Use automated
algorithm.

3. If necessary, difference. Use ARTMA() to automati-
m ales C\Lﬂ\/t t::_data u"SI T cally find the best ARIMA
A stationary. Use unit-root model for your time series.
inom o tests if you are unsure.

4. Plot the ACF/PACF
of the differenced data
Selek mo v ) o (o e
aleetry possible candidate models.
mare b

. 5. Try your chosen model(s)
‘h/‘w and use the AICc to

search for a better model.

6. Check the residuals
from your chosen model
by plotting the ACF
of the residuals, and
doing a portmanteau
test of the residuals.

Urually yon G sclitere s, Baf
o (y do gonv best.

[

Calculate forecasts
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How does ARIMA() work?
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How does ARIMA() work?
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Forecasting



Point forecasts

Rearrange ARIMA equation so y; is on LHS.

Rewrite equation by replacing t by T + h.

On RHS, replace future observations by their forecasts, future errors
by zero, and past errors by corresponding residuals.

Start with h = 1. Repeatforh=2,3,....



Point forecasts

ARIMA(3,1,1) forecasts: Step 1
(1— 1B — $2B2 — $3B3)(1 — B)y: = (1+ :B)ey,



Point forecasts

ARIMA(3,1,1) forecasts: Step 1
(1— 1B — 3282 — 3B°)(1 — By = (1+ 61B)=,
1= (1+ 3B + (31— $2)B? + (3 — 32)B* + 3B i
= (1+ 6:1B)ey,
e — (1+ 0)e 1+ (1 — d2lve 2 + (62 — P33

+ O3Vt = €t *+ O161.

e = (14 )i 1 — (1 — 0le 2 — (D2 — P33

— P3Yt—4 + €t + O1511.



Point forecasts (h=1)

ye =1+ g)ye 1 — (1 — d2)ye 2 — (h2 — B3y 3

— P3Yt—s * €t + Oretn.



Point forecasts (h=1)

Ve = (1+ 3)yer — (61— G2z — (02 — 633
- &3%—4 +ep + reen.

ARIMA(3,1,1) forecasts: Step 2
yra = (14 dyr — (61 — G2lyr—1 — (62 — d3)yr—2

— @3Y7-3 + €741 * bhET.



Point forecasts (h=1)

Ve = (1+ 3)yer — (61— G2z — (02 — 633
- &3%—4 +ep + reen.
ARIMA(3,1,1) forecasts: Step 2
yra = (1+ )yt — (61— G2lyr1 — (62 — dalyr2
E(&h): e. ) ) —A 953!#—3 B 5AT+1 & ?18%
vor (€412 )= 0 E(yreryr) = (1+ d1)yr — (61 — @2lyr—1 — (62 — d3)yr-2
Elerp)= 0 - $3YT—3 + E(€T+1/T) + 0y E(ST/T)-

VOV{(ET'H}T) =U*
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Point forecasts (h=1)

Ve = (1+ 3)yer — (61— G2z — (02 — 633
- &3%—4 +ep + Oreg .

ARIMA(3,1,1) forecasts: Step 2
yra = (14 dyr — (61 — G2lyr—1 — (62 — d3)yr—2
E(&h): e. - 953YT 3term t éﬁr
vor (€412 )= 0 E(yreryr) = (1+ oyt — (1 — d2lyr 1 — (¢2 3) V- 2

E(ETﬂh):o _¢3yT 3+E?T//T +01E$?//T

VOV{(ET'H}T) =U*
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Point forecasts (h=1)

Ve = (1+ 3)yer — (61— G2z — (02 — 633
— 953)&—4 +ep + reen.
ARIMA(3,1,1) forecasts: Step 2
yra = (14 dyr — (61 — G2lyr—1 — (62 — d3)yr—2
- 953YT—3 et t 918T-
E(yrar)=(1+ S — (d1 — 2y — (b2 — d3)yr—2
— ayr_3* E(erayr) + b, E(er/r).
ARIMA(3,1,1) forecasts: Step 3
Yrar =1+ Sy — (61 — G2y — (d2 — d3lyr—2
- 033YT—3 +frer.



Point forecasts (h=2)

Ve = (1+ )yi1 — (61— 922 — (d2 — P3)Vi3

— P3Yt—4 + €t + O1Er1.



Point forecasts (h=2)

Ve = (1+ ¢1)e1 — (1 — d2ye2 — (62 — d3)ye3
— O3Yt—4 * €t + Oherq.
ARIMA(3,1,1) forecasts: Step 2

E(yT+2/T) =(1+ §g1)E(YT+1/T) — (4231 - éz)yr — (ng - 9233))/T_1
— dayr—2 + Eleraayr) + 01E(erar)7).



Point forecasts (h=2)

Y=+ o)Ye1— (61 — d2)Yt2 — (P2 — d3)Ye-3
— P3Yt-atertbier .
ARIMA(3,1,1) forecasts: Step 2

E(rez/7) = (L + 91)E(VTa1/7) — (91 — d2)Vr — (D2 — da)yr—1
— GsYr_2 + E(eTa2/7) + O1E(eT217).



Point forecasts (h=2)

Ve = (1+ )yi1 — (61— 922 — (d2 — P3)Vi3

— G3Ytu + et + bher .
ARIMA(3,1,1) forecasts: Step 2
E(yrea7) = (1+ G1)EQyraasr) — (61 — doyr — (62 — d3)yra
— dayr—2 + Eleraayr) + 01E(erar)7).
ARIMA(3,1,1) forecasts: Step 3

Ve = (1 + 01 — (61 — @2yt — (62 — d3lyr 4
— ¢3Yr2.



Prediction intervals

95% prediction interval
yT+h|T +1.96,/Vrinr

where vr.pr is estimated forecast variance.




Prediction intervals

95% prediction interval
yT+h|T +1.96,/Vrinr

where vr.pr is estimated forecast variance.
true AH any L e sedes model

-!or all ARIMA models regardless of parameters and orders.
m Multi-step prediction intervals for ARIMA(0,0,9):
q
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Prediction intervals

x  yememlogy Yhe e O%C{
m Prediction intervals increase in size with forecast horizon.

m Prediction intervals can be difficult to calculate by hand
m Calculations assume residuals are uncorrelated and normally
distributed.
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Prediction intervals

% yememlbey Yle mla OPcl
m Prediction intervals increase in size with forecast horizon.

m Prediction intervals can be difficult to calculate by hand
m Calculations assume residuals are uncorrelated and normally
distributed.

m Prediction intervals tend to be too narrow.
» the uncertainty in the parameter estimates has not been accounted for.
» the ARIMA model assumes historical patterns will not change during the

forecast period.  — beware of stvuchusd ofionpes (2p. GFC, cavid, ehe).

» the ARIMA model assumes uncorrelated future errors
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Seasonal ARIMA models

ARIMA (p,d,q) (P,D,Q)m
N—— ————
T T
Non-seasonal part Seasonal part of
of the model of the model

. . &wwm_w/man <«
where m = number of observations per year. -

M¥ul~k

i = humb - dedily
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Seasonal ARIMA models

E.g., ARIMA(1,1,1)(1, 1, 1), model (without constant)

(1— B)(1—®B*)(1 —B)(1 — B )y = (1+6:B)(1+0:B%)z:.

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

Seasonal Seasonal Seasonal
AR(1) difference MA(1)



Seasonal ARIMA models

E.g., ARIMA(1,1,1)(1, 1, 1), model (without constant)

(1— B)(1—®B*)(1 —B)(1 — B )y = (1+6:B)(1+0:B%)z:.

All the factors can be multiplied out and the general model written as
follows:

Ve=(1+ )Y — dyea+ (1+ D)y,
— (14 1 + D+ 91 D1)Y; 5 + (1 + D1 D1)Ve 6
— D1y g+ (D, + ¢1¢1)Yt—9 — 01 D1Yi—10

+ et + 01601 + O16t_4 + 01016¢_s.



Seasonal ARIMA models

The seasonal part of an AR or MA model will be seen in the seasonal lags
of the PACF and ACF.

ARIMA(0,0,0)(0,0(1)1, will show:

m a spike at lag 12 in the ACF but no other significant spikes.
m The PACF will show exponential decay in the seasonal lags; that is, at
lags 12, 24, 36, ....

ARIMA(0,0,0)(1,0,0);, will show:

m exponential decay in the seasonal lags of the ACF
®m a single significant spike at lag 12 in the PACF.
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ARIMA vs ETS



ARIMA vs ETS

m Myth that ARIMA models are more general than exponential
smoothing.

m Linear exponential smoothing models all special cases of
ARIMA models.

m Non-linear exponential smoothing models have no
equivalent ARIMA counterparts.

m Many ARIMA models have no exponential smoothing
counterparts.

m ETS models are all non-stationary. Models with seasonality
or non-damped trend (or both) have two unit roots; all other
models have one unit root.



ARIMA vs ETS

ETS models ARIMA models

o Sop Lllg/
Combination Modelling
of components autocorrelations
9 ETS models with 6 fully additive Potentially o models .
multiplicative errors ETS models Juese

3 ETS models with
additive error and
Qultiplicative seasonality

All stationary models
Many large models
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ETS model ARIMA model Parameters
ETS(A,N,N) ARIMA(0,1,1) | very 0=a—1
ETS(AAN)  ARIMA(0.22) 7 br=a+f3—2
92 =1—«
ETS(A,Aq,N)  ARIMA(1,1,2) 1=
br=a+pf—-1-1¢
0= (1—a)p
ETS(A,N,A) ARIMA(0,0,m)(0,1,0)m o o e
ETS(A,AA) ARIMA(0,1,m + 1)(0,1,0),,
ETS(A,A4,A)  ARIMA(1,0,m +1)(0,1,0)n
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