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WS2: Aim

“To develop dynamic multidimensional 
methods for predicting health risks in 
patients with one or more LTCs from 
electronic health record (EHR) data and 
published models.”



WS2: Aim

WS 2.1: Dynamic risk prediction from 
longitudinal EHR data

WS 2.2: Integration of different models for 
multi-dimensional risk prediction



Clinical Prediction Model

• Tool for predicting (future) outcomes in patients, given what is known now.

• E.g. What is P[CKD onset within 10 years] for ‘healthy’ patient at GP?

• May want to know for:
1) Clinical decision making (individual).
2) Case-mix adjustment for audit.
3) Commissioning and planning.

• Usual models: logistic regression or survival models.



WS2.1: Dynamic risk prediction from longitudinal EHR 
data

• Existing risk prediction models do not exploit longitudinal data AND are not 
dynamic





WS2.1: Dynamic risk prediction from longitudinal EHR 
data

• Existing risk prediction models do not exploit longitudinal data AND are not 
dynamic

• Qkidney
• Crude information about patient history and events.
• No information about repeated measures of risk factors.
• Manually updated annually.







Prediction models need to be dynamic

Production line of
clinical prediction models

is broken

From G. Hickey & B. Bridgewater

EuroScore

Typical calibration drift



Exploiting data from wearables

From J. Ainsworth & S. Lewis

Hidden Markov Model



Exploiting data from wearables

From J. Ainsworth & S. Lewis
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WS 2.2: Integration of different models for multi-
dimensional risk prediction

• First, multiple models for the same outcome.

• Then, combine multiple models for many different outcomes…





WS3

Multi-dimensional risk prediction

• Aggregating models for predicting chronic 
kidney disease onset in the UK primary care.
• Builds on our existing work

• Integrating different models for multi-
dimensional risk prediction.
• Bayesian networks.
• Synthesis over risks of different diseases.
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• 2.1: Dynamic risk prediction from longitudinal EHR data
• Use of geolocation data in serious mental illness: a systematic review.

• Geolocation data collected through smartphones to assess out-of-home 
behaviour in healthy volunteers

• Predicting relapse in schizophrenia patients

• Adaptive/dynamic modelling to predict deterioration in patients with 
moderate to severe renal function.

• Dynamic prediction modelling to monitor renal function in patients with 
Chronic Heart Failure.
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• 2.2: Integration of different models for multi-dimensional risk prediction
• Aggregating models for predicting chronic kidney disease onset in the UK 

primary care

• Integrating different models for multi-dimensional risk prediction

• WP2 -> 1: 
• Informing Discovery of computable behaviour phenotypes for signal 

compression
• Incorporation of signal into risk prediction models

• WP2 -> 3:
• Use of multidimensional risk prediction models to inform adaptive, 

personalised care planning.

• WP 2 -> 4:
• Informed by stakeholder preferences
• Deployment


