
May 2026, Tanger workshop

Towards Trustworthy Patient-level Predictions: 
A Multiverse of Uncertainty and Heterogeneity

Ewout W. Steyerberg, PhD
Professor of Clinical Biostatistics

Julius Center
University Medical Center Utrecht
Dept of Biomedical Data Sciences
Leiden University Medical Center 

Thanks to many for assistance and inspiration, specifically 
Ben van Calster, Leuven
 



Trustworthiness of numbers



Prediction

“10% risk”



Clinical prediction models
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PREDICT example
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PREDICT example: hypothetical patient, 1.4% benefit
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Can we trust these numbers?

• Predictions under care as usual?
• On average

• For this patient
• Treatment effect estimates?

• On average

• For this patient
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Data preparation

Veldnorm Medische AI9

Predictive algorithms: Medical AI 

Phase 1

Development AI 
algorithm

Phase 2

Validation AI 
algorithm

Phase 3

Software 
environment

Phase 4

Impact 
assessment

Phase 5

Implementation in 
medical practice

Phase 6
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Trust in AI: Machine Learning vs Regression
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ML vs LR: systematic review

13Christodoulou et al. J Clin Epidemiol 2019;110:12-22.



Random effects meta-regression

14Christodoulou et al. J Clin Epidemiol 2019;110:12-22.



Conclusion 1

• AI / Machine Learning vs regression at group level: 
similar performance for simple prediction tasks

• Different from image; tekst analysis

• What do we mean with performance?
• Many measures: 

discrimination; calibration; overall; decision-analytic

• Is there a difference in trustworthiness at the patient level?



Trustworthiness for individuals

• Calibration = reliability of predictions



Example in neurotrauma, external validation
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Modification of val.prob()in rms; val.prob.ci.2()
Steyerberg et al, PLoS Med 2008

well calibrated over prediction



Very heterogenous validations
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Example with low N

19Verhoeven et al. Ultrasound Obstet Gynecol 2009;34:316-321.

240 cases, 27 events (Caesarean delivery)

“Calibration of the model on the right was not as good
as the calibration of the model on the left”

“Calibration of the model on the right was not as good
as the calibration of the model on the left”



Levels of calibration

1. Mean calibration / calibration-in-the-large: average correct?
2. Weak calibration: slope correct?
3. Moderate calibration: pattern correct?
4. Strong calibration: model correct à utopia

Work motivated by a thought provoking paper from Werner Vach (JCE 2013;66:1296-1301)
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1. Mean calibration

The average estimated risk is accurate

Compare average risk with outcome prevalence/incidence
Quantify and test:
a) In a logistic regression model with logit(p) as offset

log
𝑃 𝑌 = 1
𝑃 𝑌 = 0

= 𝑎 + 𝑜𝑓𝑓𝑠𝑒𝑡(𝐿)

 with L the linear predictor or logit(p)

b) As observed:expected (O:E) ratio
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2. Weak calibration

On average, the model does not overestimate or underestimate risk, and does 
not give too extreme or too modest risks

‘Logistic recalibration’ framework:

Evaluate calibration slope b: log ! "#$
! "#%

= 𝑎 + 𝑏𝐿

𝑏 < 1 means too extreme risks, 𝑏 > 1 means too modest risks
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3. Moderate calibration

Observed proportion of events correspond to estimated risk

Construct a flexible calibration curve based on log ! "#$
! "#%

= 𝑎 + 𝑓(𝐿).

𝑓(. ) e.g. a loess fit, or splines. 

Preferable at external validation, with sufficient N.

Intercept and slope reduce calibration to 2 numbers (“weak calibration”).

Slope sufficient for internal validation (using bootstrapping or cross-validation), 
intercept and plotting a curve especially important at external validation.
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Example in neurotrauma, external validation
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Modification of val.prob()in rms; val.prob.ci.2()
Steyerberg et al, PLoS Med 2008

well calibrated over prediction



Conclusion 2

• Calibration assessment important to assess trustworthiness of 
predictions

• Evaluation is at the population-level

• Individual-level, per covariate profile, usually utopic
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A framework for epistemic uncertainty in predictions



A framework for epistemic uncertainty in predictions

Hullermeier & Waegeman. Machine Learning 2021;110:457-506. Gruber et al. arXiv 2023 (statistician’s perspective)

Aleatoric Epistemic

Approximation ModelerModel Applicability

Data Population

Event or no event?



Aleatoric uncertainty

Randomness can be surprising?
“Do 100 coin flips”

Probability of 6 heads out of 100 coin flips

• Exactly 6 heads in 100 flips:
This is calculated using the binomial probability formula: 
{100}{6} * (0.5)^6  * (0.5)^94, resulting in a very value low (<<1%)

• 6 Heads from a specific flip:
0.5^6 = 1/64

• A streak of 6+ heads in 100 flips:
95 opportunities for a 6-flip streak to begin in 100 flips
a streak of 6 heads (or tails) is likely (>50%)
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Unfair comparison: coins <-> patients

Homogeneous heterogeneous
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Reference class problem

Definition
• The dilemma of deciding which specific group (reference class) to use when

assigning a probability to a unique, individual event.

Implications
• Because an individual belongs to multiple, distinct classes, each with

different statistical frequencies, choosing the "correct" class is ambiguous
• Prediction

• Subgroup effect in randomized controlled trials 
• Critical to frequentist interpretation of probability, 

which relies on long-run frequencies
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Approximation uncertainty

• Larger N, more precision
• Binary events: 

smallest category drives effective sample size (if relatively rare, <20%)

• Any modeling: >100 events for reliable estimation of the average 
with
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The 95% confidence interval was 
from 8% to 12% for p(Event)=10%, 
or a relative width of –17% to +20%; 
and from 17% to 24% for p(Event)=20%, 
or a relative width of –16% to +19%.



Approximation uncertainty

• More complex modeling: reliable estimation of parameters

• Classic rule: EPP > 10 (Events Per Parameter)

• Modern: shrinkage > 0.9, with s=(χ2 – p)/χ2)
χ2: difference in 2LL; p: #parameters in the model
e.g.: χ2 = 100; p=5 à s=0.95

• EPP>10 equivalent to s>0.9 for AUC=0.77 (if p(Event)<20%)

• More complex modeling: reliable estimation of predictions
• Fisher information matrix

Shrinkage: Copas 1983; Van Houwelingen 1990 12-May-2633 Insert > Header & footer
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How to express individual uncertainty?

• Statistical: 
prediction / confidence / credible / uncertainty interval

• Intuitive: 
number of patients like you (translation of se.pred)
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Example on presentation by ‘the king of nomograms’
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Exactly --> roughly
100 --> ?



Effective sample size

Equivalent number of patients with this profile 

For binary outcome, depends on
• Covariance (N and exceptionality)
• Predicted risk
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Nnet, RF, XGBoost: low effective N
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The currency is sample size

The more complicated (or ‘fancy’) the modeling strategy, 
the more you have to pay with sample size. 
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Between model variability is large
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Model uncertainty

• Model structure is determined by the data
• Regression: stepwise selection

• Tree methods, such as RF

• Optimal cut-offs for continuous predictors

• Interactions

• Penalty in LASSO, Ridge, Elastic Net
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Trustworthiness: poor for human modelers

Red cards and dark skin soccer players
https://psyarxiv.com/qkwst/
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https://psyarxiv.com/qkwst/


• 29 teams involving 61 analysts; same dataset; same research question: 
whether soccer referees are more likely to give red cards to dark skin 
toned players than light skin toned players

• Estimated odds ratios 0.89 –2.93 (median 1.3) 
• 20 teams: statistically significant positive effect, 9: non-significant relation
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Estimated odds ratios relative risks by 29 research teams
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“Logistic regression”
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Claimed trust in results
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Trustworthiness: poor for human modelers

• 29 teams involving 61 analysts; same dataset; same research question: 
whether soccer referees are more likely to give red cards to dark skin toned
players than light skin toned players

• Estimated odds ratios 0.89 –2.93 (median 1.3). 
• 20 teams: statistically significant positive effect, 9: non-significant relation.
• 21 unique combinations of covariates

• “Variation in analysis of complex data may be difficult to avoid, even by
experts with honest intentions”

à Can better training help?
 avoid ‘mistakes’
 encourage ‘good practice’
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Extra slides
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Applicability

• Data 
• Definitions (X; Y)

• Coding

• Missing values and the underlying mechanisms

• …

• Population
• Selection

• Care context

• Treatment

• …
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Uncertainty illustration
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Ovarian cancer diagnosis

• Risk of malignancy of patients with ovarian tumor scheduled for
surgery

• Data from 1133 patients from Leuven, 1999-2015

• Main model: 
• Logistic regression

• age, max lesion diameter, proportion solid tissue, CA125, bilateral tumors 
(Y/N), papillations with blood flow (Y/N)

• First 4 predictors: rcs with 3 knots (2 df)

• 10 parameters, 37% prevalence, assumed AUC=0.88 (cf literature): 
minimum required sample size n=359 (Riley et al 2020)



Illustration: ovarian cancer diagnosis

• Random test set of 100 patients, remaining 1033 is training pool

• Randomly 400 cases from training pool

• Impute missing CA125 values (31%) using regression imputation

• Train model on n=400

• Apply imputation model and prediction model to test set (n=100)

• For variation in sample size, create synthetic data sets



Logistic regression



Variations regarding model/modeler uncertainty



Variations regarding applicability uncertainty



Key results

59400 models with variations in 
approximation, model, and
applicability uncertainty

Estimation uncertainty decreased
considerably with increasing
training sample size, 
whereas model and applicability
uncertainty remained large

60



Estimation uncertaity larger in more flexible models
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Caution is needed
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• Sample size / approximation uncertainty is part of epistemic uncertainty
• Large sample size avoids part of the problem, but only a small part

• Other sources of uncertainty do not decrease with higher N

• The influence of the modeler is large

• More flexibility -->  more data hungry

• Quantifying uncertainty completely is impossible (multiverse too large)

• Great caution is needed when interpreting individual risk estimates
• Risk communication, shared decision making?

• Decisions with individualized estimates better than without (Spiegelhalter)

• Be careful with model explorations

• Address heterogeneity between settings during development & validation
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Further research

• Illustrate the fundamental problem of epistemic uncertainty
• More case studies

• Predictions and treatment benefit
• Guide model development: sacrifice population-level performance for

individual-level certainty
• Focus on key predictors

• Stabalize predictions for rare profiles
• Effective N>10?

• Does 2nd order uncertainty lead to different decisions being optimal
• Loss function is asymmetric?

• Risk communication
• 95% CI (PREDICT) / Effective N / ...
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