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Data - number of patients

600
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200

Number of patients

524
18

Task 1 (segmentation)
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Task 2 (prediction)
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Data - modalities

FDG PET/CT images vz Clinical data e
patients patients

B present [ missing

Gender 100,00%
Age 100,00%
Weight 98,77%
Tobacco 38,90%
Alcohol 31,50%
Performance 44,00%
status
HPV status 64,80%
Outcome data 488/524 Surgery 61,30%
patients
. . Chemotherapy 100,00%
e Recurrence free survival (time)
° Re'apse (b|nary) 0% 25% 50% 75% 100%
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Proposed automated pipeline

18F-FDG PET/CT images

PET

CT

Clinical information
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Proposed automated pipeline
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Deep learning-based tumor and lymph
node segmentation (nnUNet)

—>

CT

Clinical information

v

Post-processing

— Tunor and lymph node
segmentation

LITO



Proposed automated pipeline

18F-FDG PET/CT images

>

PET

—»

Data pre-processing

v

Deep learning-based tumor and lymph
node segmentation (nnUNet)

v

CT

Post-processing

vy

Clinical information

Radiomic features extraction

(pyradiomics)

» Tumor and lymph node
segmentation

LITO



Proposed automated pipeline
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Proposed automated pipeline

18F-FDG PET/CT images

Proposed framework

>

>
Data pre-processing

v

Deep learning-based tumor and lymph
node segmentation (nnUNet)

v

Post-processing

PET
cT —>
>
Clinical information >

Radiomic features extraction
(pyradiomics)

» Tumor and lymph node
segmentation

v

Binary-weighted model
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Segmentation (Task 1) - Method

H MIC-DKFZ / nnUNet  Public Owatch 71~ | % Fok 1k | v ¥¢ Star 29

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

<> Code (O Issues 153 [ Pullrequests 10 O Discussions (® Actions [ Projects @ Security

¥ master Go to file Add file About

No description or website provided.

e Preprocessing: 2mm x 2mm x 2mm

3 Fabianlsensee text ... 5 hoursago ') 759
segmentation
resa m pI I ng Of P ET and CT I mag es (Spl I ne) an d BB .github/ISSUE_TEMP...  update issue template 2 years ago [0 Readme
ground truth masks (nearest neighbor) i S . . (B el
B nnunet add amos2022 code Shoursago = ¢ 2.9kstars
B tests typos 5 months ago & Thwistching
- - - % 1k forks
e Other preprocessing and training parameters D oo
[ Hi_Logo.png update logo 6 months ago
by defa u It [ LICENSE setup.py 3 years ago e
9
D readme.md small modifications of documentation last month L
e Postprocessing: median filter witha 3 x 3 x 3 O s R | i
Y setup.py resolve unclear pytorch instructions 6 months ago

voxel kernel size applied to the output resampled

readme.md

to the initial voxel size, to smooth out the | Usedby =
Staircase effect [2020_10_21] Update: We now have documentation for common questions and a c @‘ "

common issues. We now also provide reference epoch times for several

datasets and tips on how to identify bottlenecks.
Please read these documents before opening a new issue! Contributors 30
@ A:x:x lll @
TO USE!
(]
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Segmentation (Task 1) - Results: Test set

B GTVpDice [ GTVn Dice average Dice
Results of the three methods used

0,780 T
on the test:
e 5-fold CV averaged 0,775 +
e 9-sample bagging averaged
e 1 model trained on the whole .97 L
dataset ’ |
o
O ‘
0 0,765 -+ \ | -
-] I ‘ ‘ I I
0,755 - .
Ensembled 5 folds Bagging 9 samples Whole train set
Method
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Segmentation (Task 1) - Results: other submissions

Our solution:
e average Dice: 0.770
e GTVp Dice: 0.777
e GTVn Dice: 0.763 10

Ranked 4th at the
HECKTOR challenge |
0 I .I. s il

0.40 4 0.50 055 060 0.65 0.70

Average Dice

our solution
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Segmentation (Task 1) - Results

e High Dice scoring patients (average Dice 0.922)

PET CT GT on PET/CT Prediction on PET/CT Overlay on PET/CT

(1)

Tumor ground truth Tumor predicted

Lymph node ground truth Lymph node predicted
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Segmentation (Task 1) - Results

e Average Dice scoring patients (average Dice 0.761)

PET GT on PET/CT Prediction on PET/CT Overlay on PET/CT

3)

Lymph node ground truth Lymph node predicted

Tumor ground truth - Tumor predicted

LITO 16



Segmentation (Task 1) - Results

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

PET | CT GT on PET/CT Prediction on PET/CT Overlay on PET/CT

Tumor ground truth Tumor predicted

Lymph node ground truth Lymph node predicted
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Segmentation (Task 1) - Results

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

PET CT GT on PET/CT Prediction on PET/CT Overlay on PET/CT

(5)

Tumor ground truth Tumor predicted

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

e |tis hard to tell if a biomarker is more important than another based on limited data

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

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

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

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

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

C; = Cindew (CEia y) % = —1. otherwise

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

M

Ti — [ T
o Yy = — S; X Z;
O
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Outcome prediction (Task 2) - Binary-weighted model

e Before:
o we remove features highly correlated to other features (threshold p )

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

C; — Cindea:(xi) y) % = —1 otherwsise

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

T; — i . 1
= _— ,,',X 2
% o, 4 MZS ©

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

e Before:
o we remove features highly correlated to other features (threshold p )
o we drop features with:
lc;] < Cpin  where lci| = max{l — ¢;, c;}

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

C; — Cindea: (33727 y) 1 = —1 otherwsise

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

7 2 5 } :
i — Y = — S; X Z;
O’i ) Co
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Outcome prediction (Task 2) - Binary-weighted model

e Hypothesis: such model is resilient to the curse of dimensionality and can only benefit from

additional features
— a lot of features are needed

e To reduce even more the overfitting and produce better predictions, a bagging strategy was
adopted for the challenge (with a median aggregator)

LITO
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Outcome prediction (Task 2) - Binary-weighted model

e This algorithm has some hyperparameters:
o collinearity removal: Pearson correlation threshold

o minimum absolute distance from 0.5 C-index
o number of randomly selected features

e Random search optimized

LITO
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Outcome prediction (Task 2) - Radiomic features

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

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

. Oﬂﬂ".’

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

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

e Produced 2421 features, 2430 when including the clinical ones
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Outcome prediction (Task 2) - Results

Model CV C-index train set (Cl) 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 f& 1000

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

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

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

0.64 - A
o
O
O
0.62 -
No ‘/i‘a/b/
3 0.60 A
©
£
o
0.58 A
0.56 A
0 500 1000 1500 2000 2500

Number of features
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Outcome prediction (Task 2) - Results

Best model submitted
average features signs:

Feature

Maximum lesions diameter
Tobacco

Number of cancer nodes

BBox CT 90th percentile
Performance status

PET high gray level emphasis
Gender (0=F, 1=M)
Chemotherapy

Age

Whole-body scan

Alcohol

4mm dilatation flatness
Surgery

Number of tumors

16mm dilatation PET kurtosis
Weight

HPV status (0=-, 1=+)

PET low gray level emphasis

—0.75

-0.50

-0.25 0.00 0.25
Average sign

0.50

:D||||||‘|Il

0.75

1.00
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Outcome prediction (Task 2) - Results

Best model submitted Maximum lesions diameter

average features signs: Tobacco

cancer nodes
BBoxCT 90th percentile
Performance status
igh gray level emphasis

Gender (0=F, 1=M)

High number of . Chemotherapy
missing values = Age
o E Whole-body scan
O Alcohol

4mm dilatation flatness
Surgery
Number of tumors

Handle
missing
data!

6mm dilatation PET kurtosis

Weight
HPV status (0=-, 1=+)
PET low gray level emphasis

—-1.00 —0./5 —0.50 -—-0.25 0.00 0268 050 0.75 1.00

Average sign
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Outcome prediction (Task 2) - GitHub repository

e The model is publicly available on GitHub and pip ¥ man- | Paven Qoo cotoie || sdatie- oy ®
as ICARE (Individual Coefficient Approximation for — wemeuemreoen e ow | Mot et oo

Risk Estimation) . = ey
el : s
B notebook K o 3
$ pip install -care - : .
3 .gitignor
O ucense Releases
e It is fully scikit-compatible D resoue.nd
O sewppy
. . . . D toxini Bk} festure impodance 16 hours ago Packages
e The code and the trained model full pipeline will = | e
be published soon. ——— o
o R Lrebaud Louis Rebaud
E ICARE Mz il
: - Languages
This package contains the Individual Coefficient Approximation for Risk Estimation (ICARE) survival model. For ® Jupyter Notebook 20.3
ensembling strategies, it also includes a dedicated bagging aggregator. ¢ Pythow15
! :
ﬁ . https://github.com/Lrebaud/ICARE

Replfcable‘/

]

TO USE! Ooo
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https://github.com/Lrebaud/ICARE

Conclusion

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

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

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

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

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