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DLMI 2024 – Deep Learning for Medical Imaging – Summer School

• Summer school on deep learning methods in the context of medical imaging (5th edition)

• 1 week with conferences and hands-on sessions at ETS Montreal

• Topics:

o Basics of DL

o CNN

o GAN – Diffusion models

o RNN – Transformers

o Uncertainty Quantification

o Medical images typical issues

o Self-supervised – Weakly supervised learning

o Foundation models

o MONAI
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Foundation Models
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Foundation Models
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Foundation Models
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Foundation Models
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Foundation Models
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Foundation Models
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Medical applications: MedCLIP (Chest XRays)

Zero-shot classification task
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Medical applications: MedPrompt (Chest XRays)

MedPrompt architecture: MedClip + 

Prompt learning module 

Results for zero-shot and few-shots 

image classification
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Medical applications in segmentation: CLIP Driven
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Medical applications in segmentation: CLIP Driven
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Medical applications in segmentation: CLIP Driven

Medical Segmentation Decathlon 

results comparison
Beyond the Cranial Vault (BTCV) 

Segmentation Challenge results comparison
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Paul Steinmetz - 02/10/2024

Développement de méthodes pour la création de modèles d’IA 
performants et robustes en imagerie médicale 

Thèse débutée le 08/01/2024 – dans le cadre du programme AIDReAM
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Plan

• Context 

• Use case: BI-RADS classification:

• Data pre-processing

• Training strategy and model

• Training results

• External evaluation results

• Uncertainty Quantification:

• Results

• Next steps
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Context

• Lack of robustness and adaptability of models to domain shift + inability to identify failure cases 

→ main bottleneck for adoption in clinical practice

• Example: segmentation of breast MRI tumors for prognostic evaluation. High performance 

models but in case of failure → incorrect prognosis, may lead to inappropriate patient 

management

• Uncertainty quantification can help identify cases at risk of poor performance, that need to be 

reviewed

UNet

Raw images Segmentations

Dice score = 0,95

Dice score = 0,56



17

Uncertainty Quantification (UQ)

• Multiple approaches described in the 

literature1

Lambert, B., Forbes, F., Doyle, S., Dehaene, H., & Dojat, M. (2024). Trustworthy clinical AI solutions: a unified review of uncertainty quantification in deep learning models for medical 

image analysis. Artificial Intelligence in Medicine, 102830.

• Often directly integrated in architecture / 

during training (intrinsic methods) → not 

easily generalizable

• Post-hoc methods: applied after model 

training, with no knowledge on model 

architecture or weights

• Goal of thesis: develop post-hoc UQ 

methods as a python library and test it on 

multiple scenarios (classification, 

segmentation, regression, with/without 

access to training data…).    
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Use case model – BIRADS classification

• Breast Imaging Reporting and Data System (BI-RADS) : Atlas 

standardizing breast imaging terminology + structure assessment (shape, 

margin) and classification system in X-Rays, US and MRI

• Shape criteria shown to be associated with complete response to 

neoadjuvant chemotherapy1

• 103 MRI sequences for training/evaluation + 31 external test cases

• CNN to predict shape of tumors

Round shape Irregular shape

Malhaire, C., Selhane, F., Saint-Martin, M. J., Cockenpot, V., Akl, P., Laas, E., ... & Frouin, F. (2023). Exploring the added value of pretherapeutic MR descriptors in predicting breast 

cancer pathologic complete response to neoadjuvant chemotherapy. European Radiology, 33(11), 8142-8154.
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Training with natural data augmentation

• Problem: small number of patients (initial DB n=103) + imbalanced classes (1:4) --> data 

augmentation needed

• Proposal: from 3D to 2D --> use of MRI slices + 3D random rotations of the tumors

Axial MIP with 

segmented tumor

Train: from 103 to 

4312 images
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2D slices auto-labelling

Dice computation between 

tumor 2D mask & ROI-enclosing 

ellipsoid (from PCA of mask)

Slices dice scores distributions for 

« Round »-labelled tumors and for 

« Irregular »-labelled tumors

Problem: “round”(“irregular”)-labelled tumors ≠ all slices round (irregular)

Proposal: 3-class distribution, dice-based: “Irregular” (dice<0.8) | “Ambiguous” (0.8<=dice<0.9) | “Round” 

(dice>0.9)

External evaluation DB (domain shift evaluation): from 31 to 1349 images 

Final repartition (downsampling

irregular class to 1200 to balance)
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Training: Data & CNN Architecture

103 

patients

5X cross-

validation

Train set (n=82)

Test set (n=21)

If < 0.5: Round slice

Else: Irregular slice

Test slice 

example
Dropout + weight decay for regularization

Folds 1 2 3 4 5

Round 957 1041 978 988 848

Irregular 970 889 953 979 1009

Round 246 162 225 215 191

Irregular 230 162 247 221 191

Downsampling when imbalance > 2:3

Training with 

and without 

random data 

augmentation

2
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Training results from cross validation

Without augmentation 

(15 epochs)  

With augmentation 

(40 epochs)   

• Overall good performance

• No important differences with and without data augmentation at training:

• w/o data augmentation: mean (SD) Roc AUC = 0.89 (0.03)

• w data augmentation: mean (SD) Roc AUC = 0.88 (0.02)
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External evaluation DB

Without data 

augmentation

With data 

augmentation

Accuracy 0.81 0.87

Roc AUC 0.86 0.93

Sensitivity 0.90 0.93

Specificity 0.73 0.83

Data augmentation increases 

robustness and performance on new 

unseen data
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Methods for Uncertainty Quantification

Needed:

- Trained model (w/wo data 

augmentation)

- Annotated test set 
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Uncertainty Quantification: Model calibration – Softmax

• Is the output probability correlated with the frequency of correct predictions ?

For predictions < 0.5: below x=y curve -->underconfident | above --> overconfident

> 0.5: above x=y curve -->underconfident | below --> overconfident

Round

Irregular
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Uncertainty Quantification: Model calibration – Softmax

• If model correctly calibrated: predicted probability distance to hard labels (round: 0, 

irregular: 1) as a proxy for UQ
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Methods for Uncertainty Quantification

Needed:

- Trained model (w/wo data 

augmentation)

- Sub-ensembles results if 

ensembling approaches 

used in training
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Uncertainty Quantification: Variability of deep ensemble results

• Variability of ensembling prediction to quantify uncertainty



29

Methods for Uncertainty Quantification

Needed:

- Trained model (w/wo data 

augmentation)

- Annotated test set (if 

augmentation policies 

search)
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Uncertainty Quantification: Test-time augmentation

• Variability after augmentations at prediction to quantify uncertainty



31

Uncertainty Quantification: Methods combination

• How to combine results (different metrics and scales) ?

• Standardization + mean result across methods
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Methods evaluation

• Receiver operating characteristic curves to evaluate performance of each UQ 

method + Combination method

• Clear trend, but not good enough to almost systematically identify failure 

cases
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Perspectives

• Uncertainty quantification:

• New post-hoc methods to implement and test (test-time 

augmentation, out of distribution detection into latent space…) 

• Evaluation of methods to combine UQ metrics

• Use cases:

• Add more patients (80 labelled MRI ready) for BIRADS 

classification task

• Test methods on other models available at the lab 

(segmentation, multi-class classification, survival prediction)
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Test-time augmentation, article review: GPS (Greedy Search Policy)

https://github.com/SamsungLabs/gps-augment

GPS: Learn test time augmentation policies that best improves predictive performance and UQ.

Iterative process that searches sub-policy that most 

improves calibrated log-likelihood at each step

Needed: Black-box model and external dataset

Problem: Already trained black-box model with no control on augmentation policies used →

Variability involved by too aggressive augmentations can bias TTA results by modifying labels

Results on varying type of 

tasks/models/datasets vs random crops and 

horizontal flips (CF), augmentation used for 

training (Tr) and Randaugment with optimal 

magnitude (M*)
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Methods for Uncertainty Quantification

Needed:

- Trained model (w/wo data 

augmentation)

- Training set

- Annotated test set
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Out of distribution detection

Trained model

Train set

Test set

New 

instance(s)

Features extraction Latent features permutation Decoded 

altered images

Class predictions 

from altered 

images

Autoencoder training (from 

scratch/transfer learning)

Learned reduced space with important 

features + UMAP/tSNE for 3D viz 

New instance (or test set) vs train 

set projection in reduced space

Out of distribution 

computation
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