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Rail Reliability in Crisis

Where AI Falls Short

Reliable Train Delay Forecasting 

A Network Rail Case Study

Only 67% of trains 
arrived on-time last year.

8.3 million compensation 
claims were processed last 
year, exceeding £150 million.

Why can’t AI fix this?

Most systems overlook 
latent correlations 
among train operations.

Train operators cannot act 
on 'Black Box‘ AI without 
uncertainty guarantees.

How certain is certain enough? 

Rail data

AI model
Training 

Data

Timetable

Operational 
data

The AI model 𝑀 was trained on comprehensive rail operational data
(e.g. timetables, signalling, and asset status) to capture the full complexity 
of delay propagation across the network.

Our model provides a guaranteed prediction interval for each delay 
prediction in the network.
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“Your train is 7 minutes late (90% confidence).”

Smarter rails, fewer fails.

14-second delay prediction 
error on average across the 
network.

25% fewer peak-hour delays 
on the busiest Southeastern 
routes since 2024.

Extensively assessed on 
12.8 million UK train records 
over 4 years.

69% of passengers were 
unsatisfied with their train 
operator last year.

Existing systems output a single 
best-guess estimate, ignoring 
unpredictable conditions.
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