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Why?

• Clinical prediction models aim to inform individual patient care

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 × 𝑦𝑦𝑦𝑦𝑦𝑦 = 𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

• Unreliable models can lead to critical mistakes in clinical 
decision-making
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Most published models are not fit for purpose

• Models are products of their development data

• Predictions become unreliable when:
• Development samples are too small
• Model complexity is large relative to outcome events
• No adjustment for overfitting

Riley RD, Collins GS. Stability of clinical prediction models developed using statistical or machine learning methods. 
Biometrical Journal. 2023
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Sample size is a fundamental issue

• 73% of published models use inadequate sample sizes

• Median deficit of 387 patients, IQR (-1207 to +49) (Dhiman et al.)

• Mann et al. found only 10% of studies reported a sample size 
calculation 

Dhiman P, Ma J, Qi C, Bullock G, Sergeant JC, Riley RD, Collins GS. Sample size requirements are not being considered 
in studies developing prediction models for binary outcomes: a systematic review. BMC Medical Research 
Methodology. 2023

Mann M, Collins G, Riley R, Ensor J. (2024) How are published clinical prediction model studies assessing and 
reporting calibration performance at external validation? doi: 10.17605/OSF.IO/74R9U
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The multiverse of models
• Model instability: different 

samples → markedly different 
models

• Any single model = merely 
one example from a 
multiverse of possible 
models

Riley RD, Pate A, Dhiman P, Archer L, Martin GP, Collins GS. Clinical prediction models and the multiverse of madness. 
BMC medicine. 2023 8



Visualising Model Instability

Predictors Large sample Development samples of N=100
1 2 3 4 5 6 7 8 9 10

Age 1.15 1.63 X 1.65 X X X X X X X
Sex X X X X X X X X X 0.22 X
Systolic BP 0.99 X X X X X 0.96 X X X 0.96
Bicarbonate 0.95 X X X 0.79 X X X X X X
Creatinine 3.28 X X 53.45 X X 39.77 X X 30.25 10.03
Hemoglobin 0.88 X X X X X X X X X X
Platelets 1.00 X 0.99 X 0.99 X X X X X X
Potassium 1.66 X 6.68 X X 3.09 X 3.86 5.24 2.74 X
Blood oxygen X X X X X X X X X X X

Riley RD, Ensor J et al. The importance of sample size on the quality and utility of AI-based prediction models for 
healthcare. Forthcoming – The Lancet Digital Health 2025. 9



Visualising Model Instability
• Same modelling approach on different samples produces 

variation in models → instability in predicted probabilities

• Stability checks should become standard practice

Predictors Large sample
Development samples of N=100

1 2 3 4 5 6 7 8 9 10
Age 1.15 1.63 X 1.65 X X X X X X X
Sex X X X X X X X X X 0.22 X
Systolic BP 0.99 X X X X X 0.96 X X X 0.96
Bicarbonate 0.95 X X X 0.79 X X X X X X
Creatinine 3.28 X X 53.45 X X 39.77 X X 30.25 10.03
Hemoglobin 0.88 X X X X X X X X X X
Platelets 1.00 X 0.99 X 0.99 X X X X X X
Potassium 1.66 X 6.68 X X 3.09 X 3.86 5.24 2.74 X
Blood oxygen X X X X X X X X X X X 10



Today’s roadmap

• Internal validation for uncertainty visualisation

• Using uncertainty metrics in study design

• By the end of this talk:
• Practical workflow for your next model study
• Tools to assess and address model instability
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Internal validation concept
• Bootstrap resampling examines impact of sampling variability

• Must match:
• Original sample size (N)
• Exact modelling approach
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Clinical example
• Prediction target: Acute 

kidney injury in intensive 
care patients (48hr 
window)

• Data source: MIMIC-III 
database

• Approach: Fixed set of 
predictors based on 
evidence and clinical 
consensus
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pmintval overview

• New Stata package for internal 
validation and uncertainty 
visualisation

• Returns dataset with 
predictions from original and 
bootstrap models

• Examines prediction stability 
across the model multiverse

Bootstrap sample of size N

Build multiverse model

Predict probabilities for original 
sample using multiverse model

Fit development model, predict 
probabilities for original sample

Visualise model stability
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pmintval syntax

• [Visual: Screenshot of Stata command syntax with annotations]

pmintval AKI gender  bicarbonate_mean  creatinine_mean  
hemoglobin_mean  bun_mean  potassium_mean  sysbp_mean  spo2_mean, 
boot(200)

Command line
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Prediction Instability 
Visualisation

• Illustration of potential 
prediction variability for 
individual patients
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Prediction Instability 
Visualisation

• Illustration of potential 
prediction variability for 
individual patients

• For a patient with 25% 
predicted risk, true risk could 
range from 0% to 82.5%
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Clinical Implications of Instability

• Wide prediction intervals → 
misleading risk communication

• Unreliable for clinical decision 
support

• Undermines clinician trust in the 
model
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Option A

Option B



Certainty by design

• Traditional approaches target "average" model performance
• pmsampsize package

• Minimises overfitting & precisely estimates overall risk

• Our approach: target prediction stability for individual risk 
estimation

Riley, R. D., Collins, G. S., Whittle, R., Archer, L., Snell, K. I., Dhiman, P., ... & Ensor, J. (2024). A decomposition of 
Fisher's information to inform sample size for developing fair and precise clinical prediction models - part 1: binary 
outcomes. arXiv preprint arXiv:2407.09293. 21



pmstabilityss Package - Overview

• Uses information from development sample and internal 
validation

• Calculates required sample size for specified prediction stability

• Uses a decomposition of Fisher’s information 
• Computationally quick
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Riley, R. D., Collins, G. S., Whittle, R., Archer, L., Snell, K. I., Dhiman, P., ... & Ensor, J. (2024). A decomposition of 
Fisher's information to inform sample size for developing fair and precise clinical prediction models - part 1: binary 
outcomes. arXiv preprint arXiv:2407.09293.



pmstabilityss Package - syntax

pmstabilityss gender  bicarbonate_mean  creatinine_mean  
hemoglobin_mean  bun_mean  potassium_mean  sysbp_mean  spo2_mean, 
prev(.1993) cstat(0.65) pmss lp(lin_pred)

Command line
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Visualising Stability at Different Sample Sizes



Options to customise stability targets

• pciwidth(): target acceptable prediction interval widths

• pcutpoints(): cutpoints in the interval [0,1] corresponding 
with target widths specified

pmstabilityss gender  bicarbonate_mean  creatinine_mean  
hemoglobin_mean  bun_mean  potassium_mean  sysbp_mean  spo2_mean, 
prev(.1993) cstat(0.65) lp(lin_pred) pcut(.15 1) pci(.1 .25)

Command line
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Specifying Stability Requirements

• [Visual: Example plots showing impact of different settings]



Specifying Stability Requirements
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Complete workflow

Collect initial 
development 

sample

Develop 
preliminary 

model

Conduct 
internal 

validation 
with pmintval

Assess 
prediction 

stability

If unstable → 
Calculate 
required 

sample size 
with 

pmstabilityss

Obtain 
additional 

data if needed

Redevelop 
with adequate 

sample
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Key takeaways

• Quantifying model uncertainty is essential for clinical models

• Balance needed between stability requirements and feasibility

• If a model cannot be developed with reasonable stability → 
reconsider its use
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Future developments

• Upcoming features:
• Time-to-event and continuous outcome support
• Prospective study design with minimal inputs

• Tutorial and documentation available soon
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Questions?

• Email: j.ensor@bham.ac.uk
• BlueSky: @joieensor.bsky.social 
• X: @joie_ensor
• GitHub: https://github.com/JoieEnsor/pm-suite
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