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Overview

Before we joined BMW Group, the "Advanced Analytics” team had a model to predict cars’ demand elasticity with limited functionality; this model had moderate errors and
could not capture seasonality. Our project goals are to improve this model and apply optimization to advise car prices across BMW headquarters’ owned dealerships in Germany.

Our approach has 4 steps.
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Car Features: This data records characteristics

BMW desired that the model predicts in model code level. However, The left histogram shows that most sales are around the

of each car model e.g. fuel type, body style,

since there are around 1,000 model codes, the average monthly average price; it is counterintuitive since there should be

production date.

sales of each model code are low, leading to noisy features. To solve more sales at a lower price. However, this is because not all

this problem, we assumed that the elasticity of the model code is price ranges were offered to every customer. To un-bias
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set constraints for optimization. Currently, this

Q W

assumption was accepted by BMW, at 17% error). Therefore, the an assumption that customers are always willing to

includes sales target, and allowable price swing.

prediction model will predict at the development code level. purchase the same cars at the lower price.

Methodology

Elasticity Estimation Important Key Features

We aim to estimate the relationship between the sales and the discount of each car model.
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Next Steps

We prOVide BMW with eqSY'fO'mOdify nyhon Scripfs and interactive Tableau dashboard. With proper data, this projecf can also be extended to independenf BMW
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dealerships or other countries’ markets.
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Note: The example here is for illustrative purposes only and do not represent actual numbers OpTImIZCITIOﬂ in the future.



