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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. 
They use these predictions to help inform strategic decisions such as how many 
bookings to accept on a given vessel.  

Objective: 
1) Build a machine learning model that predicts falldown (container no-shows) more
accurately than current method
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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Falldown Predictions

Phase 1 Phase 2

Model Chosen: XGBoost

In-sample 𝑹𝟐 : up to 85% 

Out-of-sample 𝑹𝟐: up to 77% 

Improvement in MAE: +5%
_______________________________

Significant Variables:

❑ Top Customer Indicator

❑ Historical Customer
Cancellation Rate

❑ Commodity Type

❑ Rate compared to 3-week
average rate

_______________________________

Other Takeaways:

❑ Performance dependent on
voyage

No-Shows, No Problem:
Anticipating No-Show Containers using Regressive Machine 

Learning and Stochastic Optimization

Booking Contributions 10K+
Port Storage Costs 125
Falldown Predictions 500K+
Vessel Schedules 2.4K
Import Bookings 9M+

Optimization

Next Steps

Load and Prepare 
Data

Predict Expected 
Container Volume

Create Potential 
Falldown Scenarios

Run Stochastic 
Optimization Model

Evaluate Based on 
Actual Outcomes

Generate Reports for 
Stakeholders

Shipping Date
Route of Shipment

Type of Cargo
Historical Contract 
Rates
And More (100 
total features 

Feature Engineering

Seasonality
Interaction Terms
Top Customer 
Indicators
Normalized 
Numerical Features
Timeline Indicators

Results

If we had more time…
❑ Continue to iterate on feedback from stakeholders
❑ Add additional business specific constraints

❑ Identify customers that cannot be rolled
❑ Identify bookings previously rolled

❑ Expand to other sides of the business outside of US Exports
❑ Deploy live into production for testing

Continuation of this project…
❑ We presented our findings in Norfolk, VA to get continued

sponsorship for the project
❑ With sponsorship, we could get improved data quality to feed

into this project
❑ With sponsorship, we could get further stakeholder cooperation

to map additional details and constraints that appear in the 
booking process 

Recommendations
❑ Obtain data to measure additional demand beyond when we

stop accepting bookings
❑ Solidify capacity constraint data

15.8%
Avg. TEU 

Utilization 
Increase

$31.7K
Avg. increase in 
profit per vessel

800+
Avg. additional 

amount of 
containers 

91.8K
Total increase in 
filled containers 
annually (assuming

biweekly voyage route)

Problem Statement

Prioritizing 
utilization 
& profit :

Prioritizing 
profit:

Falldown Prediction 
Data detailed above

Advised by:

Formulation Design
▪ Selects bookings to maximize for vessel contribution or

vessel utilization
▪ Aligned with US Exports Trades team’s priorities to

maximize contribution or vessel utilization depending
on voyage and circumstance

▪ Ability to toggle between prioritizing ship utilization and
booking contribution using model parameter

▪ Finds booking decisions that perform best on average
across different falldown scenarios

▪ Stochastic approach ensures decisions are robust to
uncertainty in falldown

▪ Incorporates business constraints such as vessel
container and weight capacities

Assumptions
▪ Expected value of rolled booking is 0.5 * contribution

due to cancellation risk
▪ There is a large supply of empty containers that can be

used to fill excess capacity
▪ Null values on columns like weight, contribution etc, are

filled with an average value

Simplified Optimization FormulationPipeline

Improved Forecast of 
Expected Volume After 

Falldown

Model Identifying Optimal 
Booking Decisions Under 

Uncertainty

Financial Impact

▪ Better able to anticipate falldown and
expected volume to inform booking
decisions

▪ Optimization model able to create
more revenue and/or utilization per 
voyage

▪ $250K - $750K annual increase in
contribution for select voyages

Mean Absolute Error by Voyage

Performance of Predictive Models
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