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About  us

Nikos

Å AssociateProfessorat LancasterUniversity

Å Memberof the LancasterCentrefor Forecasting

Å Researchinterests: temporal aggregation and hierarchies, model selection and

combination, intermittent demand, promotional modelling and supply chain

collaboration

Å Forecastingblog: http:// nikolaos.kourentzes.com

Fotios

Å AssistantProfessorat CardiffUniversity

Å ForecastingSupportSystemsEditorof Foresight

Å Directorof the InternationalInstitute of Forecasters

Å Researchinterests: behaviouralaspectsof forecastingand improving the forecasting

process,appliedin the contextof businessandsupplychain

Nikos and Fotiosare the founders of the Forecasting Society (www.forsoc.net)
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Out l ine of  the workshop

1. Overview of R Studio

2. Introduction to R

3. Time series exploration

¢ƛƳŜ ǎŜǊƛŜǎ ŎƻƳǇƻƴŜƴǘǎΣ ŘŜŎƻƳǇƻǎƛǘƛƻƴΣ !/Cκt!/C ŦǳƴŎǘƛƻƴǎΣ Χ

4. Forecasting for fast demand

bŀƠǾŜΣ 9ȄǇƻƴŜƴǘƛŀƭ {ƳƻƻǘƘƛƴƎΣ !wLa!Σ a!t!Σ ¢ƘŜǘŀΣ ŜǾŀƭǳŀǘƛƻƴΣ Χ

5. Forecasting for intermittent demand

/ǊƻǎǘƻƴΩǎƳŜǘƘƻŘΣ {.!Σ ¢{.Σ ǘŜƳǇƻǊŀƭ ŀƎƎǊŜƎŀǘƛƻƴΣ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ Χ

6. Forecasting with causal methods

{ƛƳǇƭŜ ŀƴŘ ƳǳƭǘƛǇƭŜ ǊŜƎǊŜǎǎƛƻƴΣ ǊŜǎƛŘǳŀƭ ŘƛŀƎƴƻǎǘƛŎǎΣ ǎŜƭŜŎǘƛƴƎ ǾŀǊƛŀōƭŜǎΣ Χ

7. Advanced methods in forecasting

Hierarchical forecasting, ABC-XYZ analysis, LASSO

Have fun and enjoy your day!
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Sect ion 1

1. Overview of R Studio

2. Introduction to R

3. Time series exploration

¢ƛƳŜ ǎŜǊƛŜǎ ŎƻƳǇƻƴŜƴǘǎΣ ŘŜŎƻƳǇƻǎƛǘƛƻƴΣ !/Cκt!/C ŦǳƴŎǘƛƻƴǎΣ Χ

4. Forecasting for fast demand

bŀƠǾŜΣ 9ȄǇƻƴŜƴǘƛŀƭ {ƳƻƻǘƘƛƴƎΣ !wLa!Σ a!t!Σ ¢ƘŜǘŀΣ ŜǾŀƭǳŀǘƛƻƴΣ Χ

5. Forecasting for intermittent demand

/ǊƻǎǘƻƴΩǎƳŜǘƘƻŘΣ {.!Σ ¢{.Σ ǘŜƳǇƻǊŀƭ ŀƎƎǊŜƎŀǘƛƻƴΣ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ Χ

6. Forecasting with causal methods

{ƛƳǇƭŜ ŀƴŘ ƳǳƭǘƛǇƭŜ ǊŜƎǊŜǎǎƛƻƴΣ ǊŜǎƛŘǳŀƭ ŘƛŀƎƴƻǎǘƛŎǎΣ ǎŜƭŜŎǘƛƴƎ ǾŀǊƛŀōƭŜǎΣ Χ

7. Advanced methods in forecasting

Hierarchical forecasting, ABC-XYZ analysis, LASSO
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Overv iew of  RStudio
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Sect ion 2

1. Overview of R Studio

2. Introduction to R

3. Time series exploration

¢ƛƳŜ ǎŜǊƛŜǎ ŎƻƳǇƻƴŜƴǘǎΣ ŘŜŎƻƳǇƻǎƛǘƛƻƴΣ !/Cκt!/C ŦǳƴŎǘƛƻƴǎΣ Χ

4. Forecasting for fast demand

bŀƠǾŜΣ 9ȄǇƻƴŜƴǘƛŀƭ {ƳƻƻǘƘƛƴƎΣ !wLa!Σ a!t!Σ ¢ƘŜǘŀΣ ŜǾŀƭǳŀǘƛƻƴΣ Χ

5. Forecasting for intermittent demand

/ǊƻǎǘƻƴΩǎƳŜǘƘƻŘΣ {.!Σ ¢{.Σ ǘŜƳǇƻǊŀƭ ŀƎƎǊŜƎŀǘƛƻƴΣ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ Χ

6. Forecasting with causal methods

{ƛƳǇƭŜ ŀƴŘ ƳǳƭǘƛǇƭŜ ǊŜƎǊŜǎǎƛƻƴΣ ǊŜǎƛŘǳŀƭ ŘƛŀƎƴƻǎǘƛŎǎΣ ǎŜƭŜŎǘƛƴƎ ǾŀǊƛŀōƭŜǎΣ Χ

7. Advanced methods in forecasting

Hierarchical forecasting, ABC-XYZ analysis, LASSO
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Sect ion 3

1. Overview of R Studio

2. Introduction to R

3. Time series exploration

¢ƛƳŜ ǎŜǊƛŜǎ ŎƻƳǇƻƴŜƴǘǎΣ ŘŜŎƻƳǇƻǎƛǘƛƻƴΣ !/Cκt!/C ŦǳƴŎǘƛƻƴǎΣ Χ

4. Forecasting for fast demand

bŀƠǾŜΣ 9ȄǇƻƴŜƴǘƛŀƭ {ƳƻƻǘƘƛƴƎΣ !wLa!Σ a!t!Σ ¢ƘŜǘŀΣ ŜǾŀƭǳŀǘƛƻƴΣ Χ

5. Forecasting for intermittent demand

/ǊƻǎǘƻƴΩǎƳŜǘƘƻŘΣ {.!Σ ¢{.Σ ǘŜƳǇƻǊŀƭ ŀƎƎǊŜƎŀǘƛƻƴΣ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ Χ

6. Forecasting with causal methods

{ƛƳǇƭŜ ŀƴŘ ƳǳƭǘƛǇƭŜ ǊŜƎǊŜǎǎƛƻƴΣ ǊŜǎƛŘǳŀƭ ŘƛŀƎƴƻǎǘƛŎǎΣ ǎŜƭŜŎǘƛƴƎ ǾŀǊƛŀōƭŜǎΣ Χ

7. Advanced methods in forecasting

Hierarchical forecasting, ABC-XYZ analysis, LASSO
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Sect ion 4

1. Overview of R Studio

2. Introduction to R

3. Time series exploration

¢ƛƳŜ ǎŜǊƛŜǎ ŎƻƳǇƻƴŜƴǘǎΣ ŘŜŎƻƳǇƻǎƛǘƛƻƴΣ !/Cκt!/C ŦǳƴŎǘƛƻƴǎΣ Χ

4. Forecasting for fast demand

bŀƠǾŜΣ 9ȄǇƻƴŜƴǘƛŀƭ {ƳƻƻǘƘƛƴƎΣ !wLa!Σ a!t!Σ ¢ƘŜǘŀΣ ŜǾŀƭǳŀǘƛƻƴΣ Χ

5. Forecasting for intermittent demand

/ǊƻǎǘƻƴΩǎƳŜǘƘƻŘΣ {.!Σ ¢{.Σ ǘŜƳǇƻǊŀƭ ŀƎƎǊŜƎŀǘƛƻƴΣ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ Χ

6. Forecasting with causal methods

{ƛƳǇƭŜ ŀƴŘ ƳǳƭǘƛǇƭŜ ǊŜƎǊŜǎǎƛƻƴΣ ǊŜǎƛŘǳŀƭ ŘƛŀƎƴƻǎǘƛŎǎΣ ǎŜƭŜŎǘƛƴƎ ǾŀǊƛŀōƭŜǎΣ Χ

7. Advanced methods in forecasting

Hierarchical forecasting, ABC-XYZ analysis, LASSO
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Exponent ia l  Smoothing (ets)

The state space implementation of exponential smoothing considers the 

following combinations of error, trend and seasonality:

Å Error: Additive or Multiplicative

Å Trend: None, Additive or Multiplicative (damped or not)

Å Season: None, Additive or Multiplicative

The usual notation is ETS(Error, Trend, Season), so for instance:

Å ETS(A,N,N) has additive errors, no trend and no season Ą SES

Å ETS(M,M,M) has all components multiplicatively

9



Exponent ia l  Smoothing (ets)

We typically optimise ETS using MLE or equivalently minimise the augmented 

sum of squared errors criterion:

For additive errors r(xt-1) = 1, so this is equal to the well known MSE:

This is used to optimise both the smoothing parameters and the initial values.
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Exponent ia l  Smoothing (ets)

Having a likelihood allows us to use information criteria to select the best ETS 

model out of the 30 possible alternatives. A common choice is !ƪŀƛƪŜΩǎ

Information Criterion: 

Given that time series often have limited sample size a better selection is to use 

AICcthat is corrected for sample size. This is the default option in the forecast 

package. 
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ARIMA (auto.ar ima)

The function auto.arimaallows automatic specification of SARIMA models. This 

is done as follows:

Å Test for stationarity in a seasonal context using OCSB (up to 1 seasonal 

difference)

Å Test for stationarity using KPSS (up to 2 differences)

Å Difference appropriately based on the test results

Å Start from a reasonable AR and MA order and search neighbouring 

specifications (max AR & MA order: 5, max SAR & SMA order: 2)

Å Compare alternative models using AICc(default) and pick best.
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TBATS (tbats)

TBATS uses Box-Cox transformation, exponential smoothing, trigonometric 

seasonality and ARMA errors:

Box-Cox 
transform

ARMA errors

Trigonometric 
seasonlity

Deterministic 
and stochastic 

trend
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Mul t ip le  Aggrega t ion  Pred ic t ion  A lgor i thm (mapa)

Step 1:
Aggregation
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Step 2:
Forecasting
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Step 3:
Combination
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parameterisation
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Mul t ip le  Aggrega t ion  Pred ic t ion  A lgor i thm (mapa)

Transform states to additive and to original sampling frequency

Combine states (components)

Produce forecasts
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Theta method ( theta)

First a time series is decomposed using classical multiplicative decomposition:

In TStoolsto allow the seasonal pattern to evolve a pure seasonal model is used 

instead:

Deterministic decomposition Stochastic decomposition

Obviously when ɹ  Ą 0 then it is the deterministic case. 16



Theta method ( theta)

Then the deseasonalisedtime series is broken down in two lines:

Å a linear trend Ą long term trend

Å 2 x (deseasonaliseddata - linear trend) Ą inflate variability

Each series is forecasted separately using linear regression and single 

exponential smoothing and their forecast is then combined:
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Theta method ( theta)

Finally the forecast of the deseasonalisedtime series is re-seasonalisedwith the 

indices calculated previously to give the final forecast:
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Sect ion 5

1. Overview of R Studio

2. Introduction to R

3. Time series exploration

¢ƛƳŜ ǎŜǊƛŜǎ ŎƻƳǇƻƴŜƴǘǎΣ ŘŜŎƻƳǇƻǎƛǘƛƻƴΣ !/Cκt!/C ŦǳƴŎǘƛƻƴǎΣ Χ

4. Forecasting for fast demand

bŀƠǾŜΣ 9ȄǇƻƴŜƴǘƛŀƭ {ƳƻƻǘƘƛƴƎΣ !wLa!Σ a!t!Σ ¢ƘŜǘŀΣ ŜǾŀƭǳŀǘƛƻƴΣ Χ

5. Forecasting for intermittent demand

/ǊƻǎǘƻƴΩǎƳŜǘƘƻŘΣ {.!Σ ¢{.Σ ǘŜƳǇƻǊŀƭ ŀƎƎǊŜƎŀǘƛƻƴΣ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ Χ

6. Forecasting with causal methods

{ƛƳǇƭŜ ŀƴŘ ƳǳƭǘƛǇƭŜ ǊŜƎǊŜǎǎƛƻƴΣ ǊŜǎƛŘǳŀƭ ŘƛŀƎƴƻǎǘƛŎǎΣ ǎŜƭŜŎǘƛƴƎ ǾŀǊƛŀōƭŜǎΣ Χ

7. Advanced methods in forecasting

Hierarchical forecasting, ABC-XYZ analysis, LASSO
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Crostonõsmethod

From the original 
series we first 
construct a non-
zero demand 
series (z)
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Crostonõsmethod

21

5 19 33 26 11 112 11 The we create an 
interval series by 
counting every 
how many 
periods there is 
demand (x).
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Crostonõsmethod

Forecast with SES
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