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Background and Motivation
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Synthetic medical data

disease coverage annotation burden

Standard evaluations focus on mean performance
Two models with similar evaluation metrics may have very different reliability

No established paradigm for uncertainty induced specifically by synthetic data
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Inherent randomness or 
noise in a system

Irreducible 

Lack of knowledge about 
the model parameters or 

the data generating 
process

Can be explained away 
with better modelling or 

more data

Aleatoric Epistemic
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L. Huang, S. Ruan, Y. Xing, and M. Feng. A review of uncertainty quantification in medical image analysis: Probabilistic and non-probabilistic 
methods. Medical Image Analysis, 97:103223, 2024
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Types of Uncertainty

Data uncertainty -  emerging when models are trained on data from different source
domains (e.g. patient and synthetic).

Reader uncertainty - which quantifies the variability across models trained on the same data but with 
different random initializations (e.g., random seeds). This form of epistemic uncertainty captures 
sensitivity to the learning process itself (also known as model or observer uncertainty).

Case uncertainty -  captures variability in predictions due to differences across individual test cases, 
which reflects epistemic uncertainty at the input level (or subject uncertainty).
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Methodology

INbreast M-SYNTH
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Datasets

publicly available
105 mammograms with lesions
ground truth lesion annotations

publicly available
1200 stochastic knowledged-based models

generated using the VICTRE pipeline
fatty breasts

lesion density of 1.0 and size 5mm
100% of clinically recommended dose
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Methodology
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Analysis done using 
Dice standard deviation (SD)
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Results
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Data Uncertainty

Patient:Synthetic  (decreasing patient - increasing synthetic) Patient:Synthetic  (decreasing patient - no synthetic data)
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Reader Uncertainty
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Patient:Synthetic  (decreasing patient - increasing synthetic)

Case Uncertainty

Patient:Synthetic  (decreasing patient - no synthetic data)
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Results
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Limitations
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Aleatoric Epistemic

Only epistemic

requires likelihood-based loss functions

Uncertainty
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Limitations
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ALL sample variance estimates
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Uncertainty Dataset

Limited patient data to draw 
conclusions

Dice variance:
● Test set split
● Training seed
● MC Dropout

ALL sample variance estimates
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requires likelihood-based loss functions Domain gap between patient and synthetic images

Restricted synthetic diversity

Our configuration:
● Lesion size
● Lesion density
● Breast density
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Conclusions

Context-dependent effects of synthetic 
data

Optimal ratio requires refinement

Persistent challenging cases still 
remain

Epistemic

Data

Reader

Case
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Appendix - Results
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Data uncertainty
Decreasing patient data

Constant patient - increasing synthetic Decreasing patient - increasing synthetic
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