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ARIMA modelling in R



Modelling procedure with ARIMA ()

Plot the data. Identify any unusual observations. A lwvays

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

the variance. rewove hekerosudashic by make varioms stafonony

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

are stationary. male dahonomy 11 #e meom

Examine the ACF/PACF: Is an AR(p) or MA(g) model appropriate?:;’iﬁ% ””“,t’;'ﬂ(:ﬁﬂwuz
Try your chosen model(s), and use the AICc to search for a better model.

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. T2/ abot Tht. Remember ueteds ove DEP oppoic

7 . . " makons, You caum only do gewe besf (357 v F0% ovevage)
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.

n 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

| (& necessary. diference

malu the data until it appears
stationary. Use unit-root

in meom tests if you are unsure.

4. Plot the ACF/PACF

Seledk mo SWNE | ofthe differenced data

and try to determine

y l:(M possible candidate models.
mare %
W o 5. Try your chosen model(s)
and use the AICc to
search for a better model.

unusual observations.
Understand pattern:

Yéweve
haker

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

like white noise?

yes

Always

Use automated
algorithm.

Use ARTMA() to automati-
cally find the best ARIMA
model for your time series.

U!uqﬂg ym G aclrtere pis, BAf

o Covm ,,(,U da yonv best.
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How does ARIMA() work?
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How does ARIMA() work?
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How does ARIMA() work?
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How does ARIMA() work?
q
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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 — $2B? — H3B%)(1 — B)y; = (1 + 01B)e;,



Point forecasts

ARIMA(3,1,1) forecasts: Step 1
(1 — $1B — $2B? — H3B%)(1 — B)y; = (1 + 01B)e;,

[1— (1+@1)B+(d1 — $2)B* + (o — $3)B° + 3B v
= (1 + 9lB)€t7

— (1 + Pa)ye1+ (1 — P2)yr_a + (P2 — B3)ye_3

+ Payi_a = et + D16t 1.

Ve = (1+d1)ye1 — (1 — Palye—2 — (D2 — Pa)ye—s

— P3yt_atert 01641,



Point forecasts (h=1)

Ve = (1+Q1)ye1 — (1 — Ga)ye—a — (d2 — dalye_a

— @3Yi—ater+ 016 1.

10



Point forecasts (h=1)

Ve = (1+Q1)ye1 — (1 — Ga)ye—a — (d2 — dalye_a

— @3Yi—ater+ 016 1.

ARIMA(3,1,1) forecasts: Step 2
yrea = (1+ @)yr — (1 — dolyr_1 — (2 — da)yr_a

— ¢3yT—3 t 141 T O1T.

10



Point forecasts (h=1)

Ve = (1+d1)yeo1 — (D1 — d2)ve2 — (D2 — dalyea
— dayr_ater+ Orep s,
ARIMA(3,1,1) forecasts: Step 2
yree = (1+ da)yr — (b1 — dalyr—1 — (d2 — Palyr—2
— Payr_s +ere1 + Orer.
E(yrea/r) = (1+ a)yr — (1 — dlyr—1 — (2 — dalyr—2
— Gayr_3 + Elerar 1) + 01E(e7 7).

10



Point forecasts (h=1)

Ve = (1+Q1)ye1 — (1 — Ga)ye—a — (d2 — dalye_a

— @3Yi—ater+ 016 1.

ARIMA(3,1,1) forecasts: Step 2
yrea = (1+ @)yr — (1 — dolyr_1 — (2 — da)yr_a

E(&;T )- e, - $3YT—3 ter t 91&-
i (£2)- 0 Elyreayr) = (1+ d)yr — (D1 — dalyr—1 — (D2 — dalyr—2
E (&)= 0 — Gayr_3 + Elerar 1) + 01E(e7 7).

VOV{(ET-H}T) =U*

10
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Point forecasts (h=1)

Ve = (1+Q1)ye1 — (1 — Ga)ye—a — (d2 — dalye_a

— @3Yi—ater+ 016 1.

ARIMA(3,1,1) forecasts: Step 2
yrea = (1+ @)yr — (1 — dolyr_1 — (2 — da)yr_a

E(&,T ) = € - $3YT—3 terig t 91&-

i (£2)- 0 Elyreayr) = (1+ G)yr — (D1 — dalyr—1 — (D2 — dalyr—2
(o) & 26T

Eernp )= 0 — Gayr_a+ Eleraa/r) + 91E%)-

VOV{(ET-H}T) =U*
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Point forecasts (h=1)

Ve = (1+Q1)ye1 — (1 — Ga)ye—a — (d2 — dalye_a

— @3Yi—ater+ 016 1.

ARIMA(3,1,1) forecasts: Step 2
yree = (1+ da)yr — (b1 — dalyr—1 — (d2 — Palyr—2
- $3YT—3 + 741 + DreT.
E(yrea/r) = (1+ a)yr — (1 — dlyr—1 — (2 — dalyr—2
— Gayr_3 + Elerar 1) + 01E(e7 7).
ARIMA(3,1,1) forecasts: Step 3
Yregr = (1 + G1)yr — (b1 — dalyr—1 — (d2 — Palyr—2

1 2] 10
— ¢3yr—3 + O1er1.



Point forecasts (h=2)

yi = (1+ 01)yt1 — (P21 — P2)yt2 — (P2 — Pa)y: 3

— P3yt_ater+ 016t 1.
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Point forecasts (h=2)

yi = (1+ 01)yt1 — (P21 — P2)yt2 — (P2 — Pa)y: 3

— @3Yi—at et + 016t 1.
ARIMA(3,1,1) forecasts: Step 2

E(yrag/mr) = (1 + QA51)E(YT+1/T) — (d1 — dalyr — (d2 — Palyr_1
— dayr_a + E(ersg/r) + é1E(€T+1/T)-

11



Point forecasts (h=2)

e = (1+ d1)ye—1 — (01 — @2)yi—2 — (P2 — P3)yi—3
— @3Yi—at et + 016t 1.
ARIMA(3,1,1) forecasts: Step 2,

) dabe .
E(yrsz/7) = (1+ 01)E(Yria/7) — (91 — @2)yr — (92 — @3)yT-1

. 20 A 0
— P3y1-2 + Eleriar) + 01E(eria ).
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Point forecasts (h=2)

yi = (1+ 01)yt1 — (P21 — P2)yt2 — (P2 — Pa)y: 3

— @Q3Yt—a Tttt 0160 1.
ARIMA(3,1,1) forecasts: Step 2

E(yrag/mr) = (1 + QA51)E(YT+1/T) — (d1 — dalyr — (d2 — Palyr_1
— Qayr_o+ Eersg/r) + élE(5T+1/T)-
ARIMA(3,1,1) forecasts: Step 3
Vregr = (14 @1)¥reqr — (01 — @2)yr — (P2 — d3)yr-1
— P3Y1-2.

11



Prediction intervals

95% prediction interval

VT+h|T + 1-96\/VT+h|T

where vr.p 7 is estimated forecast variance.



Prediction intervals

95% prediction interval

VT+h|T + 1-96\/VT+h|T

where vr.p 7 is estimated forecast variance.
+vue for any bLme cedesr model

| for all ARIMA models regardless of parameters and

orders.
m Multi-step prediction intervals for ARIMA(0,0,q):

q o)
Yye=¢&r t Zeigt—i- very %Y bo o (e
i=1 / ¥ mz“) N /\/l/’r(m)

h—1
_ 22 2 _
VT|T+h = O [1"‘21(9,] ] forh—2,3,....¥ ;:Z:i\qlmmpfuc/:pa "
’= (,{/‘
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Prediction intervals

% yemenmlbes Yle e ofd
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.

13
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Prediction intervals

" Yememlbey e e o,tCL
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. — bewae of shuchurad chompes Cop. GFC, cavid, ehe.)
» the ARIMA model assumes uncorrelated future errors
+ Coyveck mosud fv glewb ~ifia

13
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Seasonal ARIMA models — mwoF mach merve {0 Loon
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Seasonal ARIMA models

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

problove fov
— WV\MA‘? - [/JLMC"/‘/}
where m = number of observations per year. - quedtedly - dealy

= number gﬂ obgeﬂq‘-’:wg pev week - dm'll»?(exowv\f 2022,292u)
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Seasonal ARIMA models

E.g., ARIMA(1, 1, 1)(1, 1, 1)4 model (without constant)
(1— ¢4B)(1 — ®1B*)(1 — B)(1 — BY)y; = (1+6,B)(1+0,B%e;.

T T |

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

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

20



Seasonal ARIMA models

E.g., ARIMA(1, 1, 1)(1, 1, 1)4 model (without constant)
(1— ¢1B)(1 — ®1B*)(1 — B)(1 — BY)y; = (1+6,B)(1+0,1B%e;.

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

i = (1+ 1)yt 1 — d1ye 2+ (1+Da)yt 4
—(1+ Q1+ D1+ P1 D)yt 5+ (91 + 91 D)yt
— D1yt g+ (P1+ P01 D1)yi 9 — P1Payi 10
ter+ 016t 1+016t4+ 010161 5. vevy mecsy,

c unoabu Rve 17
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Seasonal ARIMA models

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

AR'MA(0,0,0)(0,0 12 will show:
. 5 NN o q
m aspike atlag 12in the@but no other significant spikes.

m The PACF will show exponential decay in the seasonal lags; that
is, at lags 12, 24, 36, ....

O/{* Mo
ARIMA(0,0,0)( T ey

0,0)12 will show: h/ua\/\/v 1ov 2,

m exponential dec nal lags of the ACF

m asingle significant spike at lag 12 in t 8
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ARIMA vs ETS

19



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. 20



ARIMA vs ETS

ETS models ARIMA models

- 4 di HM wht
Modelling PM‘, [/0 fo p [A.a,

autocorrelations

of components

9 ETS models with
multiplicative errors

Potentially o models

additive error and
ultiplicative seasonality

All stationary models
Many large models,

21
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Equivalences

ETS model ARIMA model Parameters
ETS(A,N,N) ARIMA(0,1,1) fr=a—1
ETS(A,A,N) ARIMA(0,2,2) ¢aCy to 0r=a+—2
¢how 0,=1—a
ETS(A,A4,N) ARIMA(1,1,2) ¢1= ¢
bh=a+of—1—¢
0, =(1—-a)o
ETS(A,N,A) ARIMA(0,0,m)(0,1,0),
ETS(A,AA) ARIMA(0,1,m + 1)(0,1,0),,, | /hete erve move Lovap (ex

ETS(A,A4,A)

ARIMA(1,0,m + 1)(0,1,0),,

22
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