
Improved Demand Forecasting Accuracy
with Advanced AI & ML Models
Fortune 100 Global Sportswear Brand
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For large manufacturers and retailers, accurate demand forecasting has been a long-standing requirement for success. 

Category and inventory managers need unbiased, data-driven insights in order to avoid losses from stockouts, unsold 

inventory and markdowns to maximise revenues.

However, to effectively achieve this, a holistic, multi-level solution that takes into account various internal streams of 

and ML solutions allow for accurate demand forecasting, unlocking millions in revenue.

AI-Powered Demand Forecasting: Unlocking Millions

forecasting engine at two product hierarchy levels, customer-catego-

ry and style level, to help in inventory allocation planning using accu-

rate product demand estimations.

-

racy, which was sub-optimal.

The Problem
Industry:
Manufacturing, Retail

Revenue:
$30+ B

Locations:
160 + Countries

would need to happen at two levels:

1. Customer-Category Level (High Level) - to forecast overall 

demand in the market for individual categories using Deep Learning 

models.

2. Style Level (Granular Level) - to forecast demand for each individu-

al SKU to be manufactured using Machine Learning models.

The Solutions:
Function:
Supply Chain Management

Python, Teradata, Tableau
Tech Stack:

POS & External
Data Used:
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Analytical Framework: Category Level Forecasting

As described in the above analytical framework for category-level forecasting, the analytical dataset consisted of sales 

data rolled up at the account level, as well as derived variables from internal and external data that took into account 

-

graphic make-up, income, etc. were fed into the deep learning model.

with the best results.
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600 models were built and Grid Search was used to optimize and automate the models
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Forecast Trend Dashboard

Analytical Framework: Style Level Forecasting

Existing Styles New Styles

Style Level Demand Forecasting

Champion Model selection based on data Volume & Duration

Volume: Denoting a high/low selling

product in terms of units

V
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Regression Based
Regression
Based

Time Series

Regression BasedRegression Based

High Volume | Low Duration

Low Volume | Low Duration Low Volume | Low Duration

Duration: Time period for which the

product has been in the market
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Advantage:

Product Attributes
Sales Performance
Macroeconomic

Trends & Seasonality
Supply Chain

Product Attributes
Sales Performance
Macroeconomic

Trends & Seasonality
Supply ChainFactors

LF RF

GAM

LF RF

GAM

LF RF

GAM

Factors

Automatic Predictor Selection

Easy to Fine-Tune

Random Forest

Advantage:

Regularization

Flexibility

Missing Value Teatment

Tree Pruning

Built-in Cross-validation

XGBoost

NEW STYLE 1
DEMAND = 120,000
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Testimonial
For existing styles, the factors that were taken into account were the 

product attributes, historical sales performance, macroeconomic 

data, trends and seasonality of styles and supply chain.

into 4 types depending on how long each style has been in the market 

and its sales volume.

Various ML regression and time series models like Linear Regression 

tested and the champion model for each type was selected.

For new styles, historical sales performance being unavailable, 

-

tion effect of each style was accounted for in the model. This would 

enable a smarter demand forecast and allow an optimal launch date 

to be arrived at for each new style.

model arrived as the suitable model.

Analytics. We owe it to them for our 

success, we now have reduced stock-

outs with better inventory management, 

thanks to their Demand Forecasting 

Engine and accuracy in Predictive 

Analytics.

We were able to understand the differ-

ent dynamics driving the market 

Learning Models, allowing us to proac-

tively respond to changing market 

scenarios.”

Analytics Head, USA

Demand forecasting at the style level was split into two types:

1. Forecasting for existing styles

2. Forecasting for new styles



Outcome
A launch tool was developed to help in achieving pertinent supply planning with fewer manual interventions for better 

inventory decisions.

85% - 95% forecasting
accuracy vs existing
60 - 65%

Reduced stockouts due
to better inventory &
supply chain management

Reduced executional
downtime due to
automation of framework

Analytical Framework: Style Level Forecasting

Analytical Framework: Style Level Forecasting

-

ed-edition shoes. The simulation also allowed for variations in the launch plans of different styles.
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wide.

the globe that creates cutting-edge creative solutions for their business challenges.

-

cals and is respected as one of the Marquee names in the “Consultancies for Transformation” space.

Talk to Our Supply Chain Experts

Talk to Us www.affine.ai
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