


* Hodgkin lymphoma is the most common cancer diagnosed in adolescents
ages 15 to 19 years (in the US).

* This cancer affects the lymph system, which is part of the body’s immune
system.

* The chances of recovering are high, depending on early detectio
personalized treatment

Event Free Survival) - freedom from second relaps
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Where cancer is found

In 1 or more lymph nodes in 1 lymph node group

In 2 or more lymph node groups, either above OR below the
diaphragm

In lymph node groups above AND below the diaphragm

In areas of the body that are not part of the lymph system, such

as the liver, lungs, or bone marrow



\D PET — CT SCAN

Used to
evaluate
hard and soft
tissues in the

body

Radiation
does not stay
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Pass x-rays
through the
body to create
images

Takes about
2 minutes
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brain function

Small
amounts of
radiation
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Detect cancer
earlier than
other tests

More
time-consuming
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Zytoon, Ashraf Anacs, et al. "PET/CT and contrast-enhanced CT: making a
difference in assessment and staging of patients with lymphoma."

Mokrane, Fatima-Zohra, et al. "Performance of CT compared with 18F-FDG PET in predicting the

efficacy of nivolumab in relapsed or refractory Hodgkin lymphoma."



Clinical Need for Early Risk Stratification

* Despite overall good prognosis in Hodgkin Lymphoma, some patients

experience relapse or disease progression.

* Accurate early identification of high-risk patients can personalize
treatment, improve survival and reduce toxicity.

Untapped Potential of Interim Imaging

® Interim PET/CT scans are already part of standard clini



* Objective - Develop a predictive model that uses high-dimensional imaging
features from interim PET/CT scans to estimate Event-Free Survival (EFS) in

Hodgkin Lymphoma patients.
* Data Characteristics:

O Multi-modal Imaging: PET for metabolic activity, CT for anatomical d

O High-Dimensional Feature Space: Radiomics features (e.g., tex
intensity) plus possible clinical covariates. '

D Limited Sample Size.

r



 Radiomics > Visual

Quantitative features capture metabolic data and heterogeneity invisible

to the eye.
* Synergy

Combining Radiomics + Clinical data through Machine Learning

improves predictive power.
* Prognostic Value

nis Combined approach provides superior EFS pre
esponse evaluation.



Assess predictive values of interim 18F-FDG PET/CT in children

PPV 67% 35% 75%
NPV 89% 100% 96%

odgkin Lymphoma
econd cycle of treatment

/ﬁY INTERIM FDG PET /CT PREDICTION OF TREATMENT RESPONSE AND PROGNOSIS IN PEDIATRIC HODGKIN DISEASE—ADDED VALUE OF LOW-DOSE CT, PEDIATRIC RADIOLOGY (2013)



FDG PET/CT radiomics machine learning models to predict relapse

AUC

v Medium multi-scanner study
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INDUCTION PHASE (INITIAL TREATMENT) y C§)
Induction Chemotherapy: 2 Cycles of ABVE-PC

THE DECISION POINT

Early Response Assessment via PET Imaging

PATHWAY A PATHWAY B

RAPID EARLY RESPONDERS (RER) SLOW EARLY RESPONDERS (SER)

@ PET Negative after 2 Cycles O, PET Positive after 2 Cycles

& N Augmentation: 2 Cycles of IV
Consolidation: 2 Cycles of ABVE-PC

[ v

no 4 Consolidation: 2 Cycles of ABVE-PC
S Targeted Radiotherapy (RT) -
v
L3 Expanded Radiotherapy (RT)

© Kelly, Kara M, et al. "Response-adapted therapy for the treatment of children with newly diagnosed high risk Hodgkin lymphoma
(AHODO0831): a report from the Children’s Oncology Group."




Age 5.2 - 21.4 (years) Median age - 15.8 years

Sex male 101 (61%) Two cycles
PET-0 (On-Study, Site review) PET-1 (Cycle 1, Central review) [PET2 (Cycle 2, Central review)
female 64 (39%) 163 positive 133 positive 56 positive
Race  White 111 (67%) onesae
1 missing
African- American 26 (16%) 26 negative 24 not-done
ASiCIn 7 (4%) 2 negative
2 not done 2 negative
American Indian/Alaskan Native 2 (1%) 2 missing 2 missing
O . _ _
Unknown -I 9 ( -I 2%) 1 negative 1 negative 1 negative
Stage 3 71 (43%)
4 94 (57%)
Bulk yes 138 (84%)
ho 27 (16%)

Kelly, Kara M,, et al. "Response-adapted therapy for the treatment of children with newly diagnosed high risk Hodgkin lymphoma
(AHODO0831): areport from the Children’s Oncology Group."



AHODO0831 1st Event-Free Survival (N=164)

K\) EFS (EVENT FREE SURVIVAL)
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® For each patient, all scans were reviewed to identify

and annotate the clinically relevant time points and

sequences/series.

® Scans were initially annotated by an international
team of radiologists holding MBBS degrees or higher.

* Lesions were labeled separately.

* A maximum of 5 lesions were annotated per patient
imepoint), and no more than 2 per organ (the

Y1 ()Y O f -

%



Distribution of ageyr by EFS P(EFS=1 | Gender) Gender

color
B 1:Male
M 2:Female
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CLINICAL DATA STATISTICS

P(EFS=1 | Bulk_Disease) BUIk Disedse

28/124

P(EFS=1 | PET1)

27/119

P(EFS=1 | Stage)

Stage

18/84

color
W 1:Pos
W 2:Neg
W 10:Ndne




P(EFS=1 | Race)

19/103

P(EFS=1 | Histology)

White

Black Or African American
Unknown

Asian

American Indian Or Alaska Native

Histology

96633 Hodgkin Lymphoma, Nodular Sclerosis, NOS

96503 Hodgkin Lymphoma, NOS

96523 Hodgkin Lymphoma, Mixed Cellularity, NOS

96513 Hodgkin Lymphoma, Lymphocyte-Rich

96533 Hodgkin Lymphoma, Lymphocyte Depletion, NOS

96593 Hodgkin Lymphoma, Nodular Lymphocyte Predominance




® Histology - One Hot Encoding



® Race — Modified One Hot Encoding

1 0] 0 0 P(White)
0 ] 0 0 P(AI/AN)
0 0 ] 0 P(Black/AA)
0 0 0 ] P(Asian)



Preprocessed Data

5-Fold CV

RFECV o o
(LASSO) ombinations :

-
! !

Random
Forest

CT
PET

CLINICAL

CT+ PET

CT + CLINICAL

PET + CLINICAL

CT + PET + CLINICAL

!

Logistic
Regression

SVM

XGBoost

Select Best Model



Interim Radiomics + Clinical Features

Ensemble ’r& / j>

Clinical A

Features Selection

Features
Validation
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PET (No AC)

» Matching CT and PET scans
®* Matching PET slicesto CT

®* PET selection
® Attenuation Correction

Selected PET

CT Scan

= BQML
>
> DICOM to NIFTI
* Converting only segmented slices picom + krstrRuctT  FEELRSE

* Converting RTSTRUCT points into mask
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Algorithm Flow

1. Start with All Features (N)

v

2. Fit LASSO Model (L1 Penalty) < --

v

3. Rank & Drop Weakest Feature Repeat until
5 left (N=5)

_ . :

4. Compute K-Fold CV Score ===

5. Select Optimal Feature Subset

LASSO L1 Feature Importance

L1 penalty forces coefficients of irrelevant features exactly to 0

Select Best Model
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F1 F2 F3 F4 F5 F6

RFECV Optimization Curve
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ation Score (R

g Finding the optimal number of features that maximizes validation sco
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For 7 combinations:

Find the best parameters for each model using Grid Search CV

Fit and evaluate the whole fold results for each model o

Choose the model who gives the best result

The models:

® Linear regression
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Hyper-parameters:
* Regularization type and strength
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W.X+b=0
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Hyper-parameters:
« Kernel Type (linear and RBF)
Constants: C,~

= exp(—7|x; — Xy‘||2)



https://medium.com/@apurvjain37/support-vector-machines-s-v-m-hyperplane-and-margins-ee2f083381b4
https://www.researchgate.net/publication/347291944_A_Modified_Support_Vector_Machine_Classifiers_Using_Stochastic_Gradient_Descent_with_Application_to_Leukemia_Cancer_Type_Dataset
https://www.researchgate.net/publication/347291944_A_Modified_Support_Vector_Machine_Classifiers_Using_Stochastic_Gradient_Descent_with_Application_to_Leukemia_Cancer_Type_Dataset
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https://www.researchgate.net/publication/337407116_Pre-evacuation_Time_Estimation_Based_Emergency_Evacuation_Simulation_in_Urban_Residential_Communities
https://www.researchgate.net/publication/337407116_Pre-evacuation_Time_Estimation_Based_Emergency_Evacuation_Simulation_in_Urban_Residential_Communities
https://www.researchgate.net/publication/337407116_Pre-evacuation_Time_Estimation_Based_Emergency_Evacuation_Simulation_in_Urban_Residential_Communities
https://www.researchgate.net/publication/337407116_Pre-evacuation_Time_Estimation_Based_Emergency_Evacuation_Simulation_in_Urban_Residential_Communities
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http://researchgate.net/publication/357741497_Ensemble-learning_approach_for_the_classification_of_Levels_Of_Geometry_LOG_of_building_elements?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6Il9kaXJlY3QifX0
http://researchgate.net/publication/357741497_Ensemble-learning_approach_for_the_classification_of_Levels_Of_Geometry_LOG_of_building_elements?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6Il9kaXJlY3QifX0
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CT + Clinical
(SVM)

CT radiomics
(SVM)

= PET radiomics
(XGB)
CT + PET
O (XGB)

Clinical (RF)

f PET + Clinical
O

CT + PET +
Clinical

0.781
+ 0.096

0.685
+ 0.232

0.674
+ 0.190

0.767+
0.072

0.628+
0.134

0.767+
0.072

0.767+
0.072

0.707+
0.085

0.679
+ 0.108

0.663
+ 0.062

0.662+
0.065

0.661
+ 0.038
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0.065

0.662+
0.065

0.537
+ 0.156

0.512+
0.176
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0.051
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0.430+
0.030
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0.098
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0.098
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0.232
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0.223
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0.836+
0.130

0.609+
0.220

0.836%
0.130
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0.130
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0.268

0.503+
0.297

0.428
+ 0.146

0.480+
0.113

0.347+
0.088

0.480+
0.113
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0.113

0.890+
0.026

0.911
+ 0.051

0.912+
0.051

0.874+
0.042

0912+
0.054
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0.042
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Rank 1: CT_combined
svim | Score: 0.707 | n=5

ngtdm_Coarseness

ngtdm_Complexity 1

Rank 3: SUV_radiomics_only
xgboost | Score: 0.663 | n=5 ngtdm_Strength 1037

ngtdm_Busyness ngtdm_Contrast

ngtdm_Contrast - ngtdm_Busyness - 0.350

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

4 1.287
ngtdm_Strength SHAP Importance x 107*

ngtdm_Coarseness

Rank 7: clinical_only
randomforest | Score: 0.661 | n=5

ngtdm_Complexity - 1025

0.0 05 1.0 15 2.0 25 3.0
SHAP Importance x 107!

PET1 -

Bulk_Disease

Histology 96633 Hodgki...

Stage -

Histology_96593 Hodgki... 1

8

a 6
SHAP Importance x 1072

0 2



* Combining CT with clinical variables (using SVM classifier) achieved the
most consistent result and balanced accuracy.

® Texture descriptors from NGTDM family contributed most strongly to
model output.

* Interim morphological patterns had a direct link to long-term s
outcomes.



®* The dataset size and class imbalance

* Feature extraction and image resampling may have introduced
scanner-specific biases

® Segmentation masks were predefined

® SHAP does not distinguish between causal factors and sympto

e test and training sets were derived from the same




* Extend the framework on different and larger datasets

* Compare models trained on baseline, interim, and post chemotherapy
scans '

* Advanced MIL (multiple-instance learning)

ombine imaging features with clinical and molecular c



®* Combined interim CT radiomic and clinical features significantly improve
outcome prediction in Hodgkin lymphoma.

* Developing reproducible, explainable models from hybrid data is highly

feasible.
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