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Summary

● Data
 

● Proposed automatic pipeline

● Segmentation (Task 1)

● Outcome prediction (Task 2)

● Conclusion
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Data - number of patients
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Data - modalities

FDG PET/CT images Clinical data

Outcome data

● Recurrence free survival (time)
● Relapse (binary)

524/524
patients

488/524
patients

488/524
patients
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Proposed automated pipeline
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Proposed automated pipeline
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Proposed automated pipeline
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Proposed automated pipeline
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Proposed automated pipeline
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Segmentation (Task 1) - Method

● Out-of-the-box nnUNet in “3D full resolution” 
mode

● Preprocessing: 2mm × 2mm × 2mm 
resampling of PET and CT images (spline) and 
ground truth masks (nearest neighbor)

● Other preprocessing and training parameters 
by default

● Postprocessing: median filter with a 3 × 3 × 3 
voxel kernel size applied to the output resampled 
to the initial voxel size, to smooth out the 
staircase effect
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Segmentation (Task 1) - Results: Test set

Results of the three methods used
on the test:

● 5-fold CV averaged
● 9-sample bagging averaged
● 1 model trained on the whole 

dataset
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Segmentation (Task 1) - Results: other submissions

our solutionOur solution:
● average Dice: 0.770
● GTVp Dice: 0.777
● GTVn Dice: 0.763

Ranked 4th at the
HECKTOR challenge

Average Dice
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Segmentation (Task 1) - Results

● High Dice scoring patients (average Dice 0.922)

Tumor ground truth

Lymph node ground truth

Tumor predicted

Lymph node predicted
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Segmentation (Task 1) - Results

● Average Dice scoring patients (average Dice 0.761)

Tumor ground truth

Lymph node ground truth

Tumor predicted

Lymph node predicted
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Segmentation (Task 1) - Results

● Low Dice scoring patients (average Dice 0.303) due to segmentation errors

Tumor ground truth

Lymph node ground truth

Tumor predicted

Lymph node predicted
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Segmentation (Task 1) - Results

● Low Dice scoring patients (average Dice 0.000) due to wrong classification

Tumor ground truth

Lymph node ground truth

Tumor predicted

Lymph node predicted
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Outcome prediction (Task 2) - Binary-weighted model

● It is hard to tell if a biomarker is more important than another based on limited data

● In survival prediction tasks, we might not have enough data to determine accurate feature 
importance

● How does a model using binary weights only perform compared to one that learns feature 
importance?

● To reduce even more the risk of overfitting,  no feature interaction is learned

● Only the bare minimum is learned (minimal learning)
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Outcome prediction (Task 2) - Binary-weighted model

● To do so, we only assign a sign to each feature, based on their C-index:

● The prediction is made by taking the average of the signed normalized features

Simple!
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Outcome prediction (Task 2) - Binary-weighted model

● Before:
○ we remove features highly correlated to other features (threshold      ) 

● Then, we only assign a sign to each feature, based on their C-index:

● The prediction is made by taking the average of the signed normalized features

Simple!
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Outcome prediction (Task 2) - Binary-weighted model

● Before:
○ we remove features highly correlated to other features (threshold      ) 
○ we drop features with:

                                                            where

● Then, we only assign a sign to each feature, based on their C-index:

● The prediction is made by taking the average of the signed normalized features

Simple!
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Outcome prediction (Task 2) - Binary-weighted model

● Hypothesis: such model is resilient to the curse of dimensionality and can only benefit from 
additional features 
→ a lot of features are needed

● To reduce even more the overfitting and produce better predictions, a bagging strategy was 
adopted for the challenge (with a median aggregator)
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Outcome prediction (Task 2) - Binary-weighted model

● This algorithm has some hyperparameters:

○ collinearity removal: Pearson correlation threshold
○ minimum absolute distance from 0.5 C-index
○ number of randomly selected features

● Random search optimized
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Outcome prediction (Task 2) - Radiomic features

● To make the model resilient to segmentation variations and to produce more features, we built 13 
masks the following types:

● For each mask, we computed features with pyradiomics:
○ 93 on the PET images
○ 93 on the CT images

● 3 additional handcrafted features (tumors and lymph nodes number,
whole-body or H&N scan/assessment)

● Produced 2421 features, 2430 when including the clinical ones

PET Prediction Resegmented (x3) Bounding Box Shell (x5) Dilated (x3)



26

Outcome prediction (Task 2) - Results

Model CV C-index train set (CI) C-index test set hyperparameters sets tested (#)

Binary-weighted 0.645 (0.585 - 0.707) 10

Binary-weighted bagged 0.668 (0.605 - 0.730) 0.670 10

Binary-weighted bagged 0.675 (0.613 - 0.731) 0.673 100

Binary-weighted bagged 0.688 (0.642 - 0.732) 0.682 1000

● Remark: for equal hyperparametrization strength (10 here), bagging improved results

Efficient!
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Outcome prediction (Task 2) - Results: curse of dimensionality

● Evaluation of a single model on the train set with a Monte Carlo CV

No drop!
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Outcome prediction (Task 2) - Results

Best model submitted 
average features signs:

Interpre
table!

Number of cancer nodes
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Outcome prediction (Task 2) - Results

High number of 
missing values

Handle 
missing 
data!

Best model submitted 
average features signs:

Number of cancer nodes
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Outcome prediction (Task 2) - GitHub repository

● The model is publicly available on GitHub and pip 
as ICARE (Individual Coefficient Approximation for 
Risk Estimation)

$ pip install icare

● It is fully scikit-compatible

● The code and the trained model full pipeline will 
be published soon.

https://github.com/Lrebaud/ICARE

Replicable!

https://github.com/Lrebaud/ICARE
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Conclusion

● Fully automatic pipeline producing accurate 
tumor and lymph nodes segmentation and 
state-of-the-art prediction of the recurrence risk

● A straightforward approach for segmentation was 
competitive with task-specialized ones

● Reducing learning to its bare minimum produced 
the best performance for outcome prediction

● We propose a novel, simple and robust model 
delivering accurate risk prediction

● The number of cancer nodes was of prognostic 
value, showing the importance of GTVn 
segmentation and lymph nodes assessment
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