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Abstract

It is important for businesses to forecast their sales accurately and at di↵erent product levels.

Forecasts enable e�cient supply chain planning and equip businesses with information on which

to base strategic decisions. Through the study of literature we discuss several popular forecasting

techniques and through empirical research we explore the di↵erences between a traditional time

series technique and a machine learning technique. Primarily, this thesis investigates the application

of the ARIMA model and the ESN for forecasting sales at Ace & Tate at an overall level, per product

category, and per individual frame level.

1



Preface
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[37] M. Lukoševičius. A practical guide to applying echo state networks. In G. Montavon, G. B.

Orr, and K.-R. Müller, editors, Neural Networks: Tricks of the Trade (2nd ed.), volume 7700.

Springer, 2012.
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