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Motivation:

Falldown refers to the difference between the number of containers originally booked
and the number that actually arrive to be loaded on a vessel. CMA CGM currently

predicts falldown manually using historical averages and institutional knowledge. ' j\/ I f(ls.
They use these predictions to help inform strategic decisions such as how many ‘ ll I ‘ — ‘ /\

bookings to accept on a given vessel.
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2) Design a robust pipeline and optimization algorithm to recommend to the US
Exports Trade team which bookings to accept, delay, ship, and store.
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Recommendations
O Obtain data to measure additional demand beyond when we
= $250K - $750K annual increase in stop accepting bookings

contribution for select voyages 3 Solidify capacity constraint data

= Better able to anticipate falldown and =  Optimization model able to create
expected volume to inform booking more revenue and/or utilization per
decisions voyage
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