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Most fashion retailers place inventory orders and investments well in advance. * Multiple Linear Regression was chosen since it generalized the best compared to
However, poor product performance can result in excess inventory which need to other models and our business partners placed higher importance on interpretability

be liquidated through heavy promotions. It can hit their bottom line and tarnish rather than accuracy.
their reputation. « The third week sales after launch is found to be very significant factor in

estimating the sales quantity by the third month. A 10% increase in third week
sales, led to 7.5% increase in 3-month sales

We have developed a machine learning model that can be used to predict whether
a newly launched product will be successful by fusing traditional sales data with
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