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Why now?

Caution

Modeling bleeding

Our Approach - Bayes
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Error rate of 

image 

classification

ImageNet challenge 





Alt text: A dog standing in front of a fountain with a bridge in the background

Description automatically generated with low confidence

Banerji CRS et al. 
Clinical AI tools must convey predictive uncertainty for each individual 
patient. Nat Med 2023



Compute Data Funding
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"when you go from 10,000 
training examples to 10 billion 
training examples, it all starts to 
work. Data trumps everything.”

Google translate engineer 



Compute Data Funding









Human Machine Pairing



Dratsch, Automation Bias in 
Mammography Radiology, 2023





Trauma patients with severe 
haemorrhage could not be 
differentiated by standard 
vital signs obtained 30 to 45 
min after injury



We’re not 
that bad?

All patients received >1 unit of blood
966 patients

23% had a MT

“Is the patient likely to be massively transfused?’’



Gestalt:     
 Sensitivity  66% 
 Specificity  64%
 PPV             35%



How are pre-hospital bleeding & 
transfusion decisions made by experts?

What makes the decision difficult?

Marsden & Kellett et al. Emerg Med J

2023;40:777–784.

Qualitative



Quantitative



Accuracy of MHPA Sens 70%, Spec 94%

Mortality associated with missed Major Haemorrhage OR 3.3



Traditional AI / ML 



Traditional Modelling Approaches

In 2020 there were >40 models for prediction of haemorrhage after 

injury

Many share input variables e.g. SBP, bloods and radiology





Received vs required





• Models had between 3 and 23 input variables

• Only 2 models reported measures of calibration



Vital Signs

24 models

Demographics

12 models

Photoplethysmography

 Waveforms

5 models

Laboratory 
Results

12 models

CT 
Interpretation

1 model

Predictors



Feature 
Extraction



24 different outcomes 

Blood Transfusion

Transfusion within 2 hours

Transfusion within 3 hours

Transfusion within 4 hours

Transfusion within 6 hours

Transfusion within 12 hours

Transfusion within 24 hours

Transfusion within 48 hours

Transfusion within 72 hours
Transfusion of universal donor Group O un-cross-
matched PRBC

Prediction of extensive blood transfusion 
(>350ml)

Rapid transfusion (>5 units in 4 hours)

Massive Transfusion

10 units PRBC in 24 hours

4 units PRBC in 4 hours

6 units PRBC in 6 hours
Critical Administration Threshold (3 units PRBC in 
60 minutes)

Resource Intensity greater than or equal to 4
5 units or greater PRBC within 5 hours of 
admission

10 units of greater PRBC within first 12 hours

> 10 units PRBC within 4 hours of admission
>4 units in 1 hour within anticipated ongoing 
clinical need

Composite

Lifesaving Intervention
Haemorrhage requiring therapy or haemorrhage 
control intervention

Prediction of angioembolization, pelvic packing 
or massive transfusion

Prediction of shock
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Advantages of Bayesian Networks

Explicit modeling of uncertainty

Combine data with domain knowledge

Flexibility to update beliefs and incorporate new evidence

Ability to handle complex dependencies

Support inference in the presence of missing data

Support for probabilistic inference and reasoning under uncertainty

Support interventional and counterfactual reasoning

Explainable
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Development Validation



MISSING INFORMATION



So what about 
impact?



(Vasey 2022)





Method

Prospective multicentre impact 
study at 2 x Air Ambulances

6 months 2018

Compared expert pre-hospital 
clinicians to an AI system



Clinician

AI System

x1%

x2%



Clinician

AI System

Aim 1: against

x1%

x2%



Clinician

AI System

Aim 2: with

Clinician

+

x1%

x3%



Risk prediction was better when clinicians were 

assisted with the AI system 

Clinician AI System & Clinician

Discrimination - AUROC 0.83 (0.74, 0.92) 0.88 (0.80, 0.95)

Calibration -1.19 (-1.73, -0.65) -0.79 (-1.38, -0.21) 

Accuracy (Brier Skill) 0.00 (-0.41, 0.30) 0.27 (-0.05, 0.51) 

Clinician

AI System

Aim 2: with

Clinician

+



A: ML as good as Doctors (AUROC)

B: ML (Calibration) – tends to small 
under-triage

C: Docs (Calibration) – tend to moderate 
over-triage for ”grey and sick” 

D: ML+Docs (Calibration) = moderate 
over-triage for “grey” areas”



Human with AI 
produced the best 

predictions





Predict the 
transfusion requirement 
at 2, 6, 12 and 24 hours
Using pre-hospital 
information



UK Joint Theatre Trauma Registry 2006 to 2014

36,294 units of blood products transfused to 2064 patients

Training Dataset First 10 hours after injury



Our work: what is next? From prediction algorithm to a 
decision support tool for clinicians
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Summary 

Advances due to computing 
power, data and funding

AI is increasingly prevalent Need evidence to bridge 
the AI Chasm
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