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Qutline of the workshop

. Overview of R Studio

. Introduction to R

. Time series exploration

CAYS aSNASa O2YLRYySydax RSO2YLIZaAil,
. Forecasting for fast demand

bl OGS 9ELRYSYGAFIf {Y220KAy3as ! wlLa!
. Forecasting for intermittent demand

I NPAYSYRERZ {.!3 ¢{.2 GSYLRZNIt [ 33l

. Forecasting with causal methods

{AYLX S YR Ydz GALX S NBINBaaarzys NE:
. Advanced methods in forecasting

Hierarchical forecasting, ABCYZ analysis, LASSO

Have fun and enjoy your day! Jl/
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Overview oRStudio
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[ []source on Save
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source("plots/formatPlot.R")
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view(diamonds)
summary (diamonds)

summary {diamonds$price)
avesize =- round(mean{diamonds$carat), 4)
clarity =- levels(diamondsSclarity)

p =- gplot(carat, price,
data=diamonds, color=clarity,
xlab="carat", ylab="price",
main="Diamond Pricing")
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avesize <- round(mean(diamonds$carat), 4)

clarity <- levels(diamonds$clarity)

p <- gplot(carat, price,

data=diamonds, color=clarity,

xlab="Carat”, ylab="Price"”,

main="Diamond Pricing")

format.plot(p, size=24)
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Exponential Smoothinge(s)

The state space implementation of exponential smoothing considers the
following combinations of error, trend and seasonality:

A Error: Additive orMultiplicative

A Trend:None, Additive orMultiplicative (damped or not)

A SeasonNone, Additive orMultiplicative

The usual notation is ETS(Error, Trend, Season), so for instance:
A ETS(A,N,N) has additive errors, no trend and no ses6ES
A ETS(M,M,M) has all components multiplicatively



Exponential Smoothinge(s)

We typically optimise ETS using MLE or equivalently minimise the augmented
sum of squared errors criterion:

n 2/n

S(0,x0) = [exp(L(0, o))" = || [ r(ze—1)| ) €

For additive errors(x,_;) = 1 so this is equal to the well known MSE:
1 n
2

n <
1=1

This is used to optimise both the smoothing parameters and the initial values.



Exponential Smoothinge(s)

Having a likelihood allows us to use information criteria to select the best ETS
model out of the 30 possible alternatives. A common choitejsl A { S Qa
Information Criterion:

AIC = —2In(L) + 2k

Given that time series often have limited sample size a better selection is to us
AlCahat is corrected for sample size. This is the default option in the forecast
package.



ARIMA guto.arima)

The functionauto.arimaallows automatic specification of SARIMA models. This
Is done as follows:

A

To

Test for stationarity in aeasonatontext usingDCSBup to 1 seasonal
difference)

Test forstationarity usingKPSS (up to 2 differences)
Difference appropriately based on the test results

Start from a reasonable AR and MA order and search neighbouring
specifications (max AR & MA order: 5, max SAR & SMA order: 2)

Compare alternative models usiddCddefault) and pick best.
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TBATStbats)

TBATS uses B@ox transformation, exponential smoothing, trigonometric
seasonality and ARMA errors:
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Multiple Aggregation Prediction Algorithmm@apa)

Step 1: Step 2: Step 3:
Aggregation Forecasting Combination
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Multiple Aggregation Prediction Algorithmm@pa)

Transform states to additive and to original sampling frequency
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Theta method (theta)

First a time series is decomposed usthagsical multiplicative decompositian

Deterministic decomposition Stochastic decomposition
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In TStooldo allow the seasonal pattern to evolve a pure seasonal model is uset
instead: Yy
St =St—m TtV | — — St—m
Wi

Obviously when A O then it is the deterministic case. 16



Theta method (theta)

Then thedeseasonalisetime series is broken down in two lines:

A alinear trendA long term trend
A 2 x feseasonalisedata- linear trend)A inflate variability

Each series is forecasted separately using linear regression and single
exponential smoothing and their forecast is then combined:

Original
Theta line 1
Theta line 2

420000 440000 480000

Combined
| T T | T T

2009 2010 201 2012 2013 2014

Time



Theta method (theta)

Finally the forecast of thdeseasonalisetime series is reseasonaliseavith the
indices calculated previously to give the final forecast:
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Cr os t nmebhods
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The we create an
interval series by
counting every
how many
periods there is
demand (x).




Cr os t nmebhods

Spare part #437
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