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BACKGROUND

• 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 detection and 

personalized treatment

• EFS (Event Free Survival) - freedom from second relapse or malignancy.



HODGKIN LYMPHOMA (HL)

Characteristics Pediatric HL AYA (Adolescent 

and young adult) 

HL

Adult HL

age 0-14 15-34 35<

Prevalence 6/million/year 32/million/year 28/million/year

Predominant gender Male Female and Male 

(common: 15-19)

Male (common: 55-74 

yr)

Predominant stage 

at Diagnosis

2 2 2

Treatment outcome 

(5 yr)

90% - 95% 90% 85.9%

From National Center for Biotechnology information Web (NIH)



HODGKIN LYMPHOMA (HL) STAGES

Stage Where cancer is found

Stage 1 In 1 or more lymph nodes in 1 lymph node group

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

diaphragm

Stage 3 In lymph node groups above AND below the diaphragm

Stage 4
In areas of the body that are not part of the lymph system, such 

as the liver, lungs, or bone marrow



PET – CT  SCAN

• The CT scan takes a series of x-rays from all around 

the body and puts them together to create a 3-

dimensional (3D) picture.

• The PET scan uses a mildly radioactive liquid 

(radioactive tracer) to show up areas of your body 

where cells are more active than normal.

• A PET-CT scan can show how well a cancer 

treatment is working.



FDG PET-CT EXAMPLES

CT PET-CT

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."

Zytoon, Ashraf Anas, et al. "PET/CT and contrast-enhanced CT: making a 

difference in assessment and staging of patients with lymphoma."



MOTIVATION

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 clinical practice to 

assess treatment response.

• Leveraging advanced analysis (radiomics) could unlock more nuanced 

insights beyond visual interpretation.



PROBLEM DEFINITION

• 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 detail.

o High-Dimensional Feature Space: Radiomics features (e.g., texture, shape, 

intensity) plus possible clinical covariates.

o Limited Sample Size.



HYPOTHESIS

• 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

This Combined approach provides superior EFS prediction and 

individualized response evaluation.



ANAT ILIVITZKI ET AL. (2013)

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

▪ Hodgkin Lymphoma
▪ Interim – second cycle of treatment
▪ Moderate-sized study population
▪ CT as independent examination

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

PET CT PET/CT

𝑷𝑷𝑽 67% 35% 75%

NPV 89% 100% 96%



FROOD RUSSELL ET AL. (2022)

FDG PET/CT radiomics machine learning models to predict relapse

✓ Medium multi-scanner study
✓ Combines clinical and imaging data
✓ PET & CT radiomics
✓ Hodgkin Lymphoma

✗ Pre-treatment
✗ Room for improvement

UTILITY OF PRE-TREATMENT FDG PET/CT–DERIVED MACHINE LEARNING MODELS FOR OUTCOME PREDICTION IN CLASSICAL HODGKIN LYMPHOMA, EUROPEAN RADIOLOGY (2022)

Train Validation Test

𝑨𝑼𝑪 0.82 ±  0.002 0.79 ± 0.01 0.81 ± 0.12



DATASET: AHOD0831 PROTOCOL

Kelly, Kara M., et al. "Response‐adapted therapy for the treatment of children with newly diagnosed high risk Hodgkin lymphoma 
(AHOD0831): a report from the Children’s Oncology Group."



DATASET - PATIENT CHARACTERISTICS

Category Sub- categories 164 participants (100%)

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

Sex male 101 (61%)

female 64   (39%)

Race White 111 (67%)

African- American 26   (16%)

Asian 7     (4%)

American Indian/Alaskan Native 2     (1%)

Unknown 19   (12%)

Stage 3 71   (43%)

4 94   (57%)

Bulk yes 138 (84%)

no 27   (16%)

Kelly, Kara M., et al. "Response‐adapted therapy for the treatment of children with newly diagnosed high risk Hodgkin lymphoma 
(AHOD0831): a report from the Children’s Oncology Group."

Baseline One cycle Two cycles



EFS (EVENT FREE SURVIVAL) 

First event free survival (1st EFS) of all evaluable patients (n=164)



DATASET - SEGMENTATION

• 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 

scan (timepoint), and no more than 2 per organ (the 

lymph nodes constitute one organ).



CLINICAL DATA STATISTICS

Age Gender



CLINICAL DATA STATISTICS
Bulk Disease Stage

PET1



CLINICAL DATA STATISTICS

Race Histology



CLINICAL DATA REPRESENTATION

• Histology - One Hot Encoding

NOS Nodular 

Sclerosis

Lymphocyte 

Depletion

Mixed 

Cellularity

Lymphocyte-

Rich

Nodular 

Lymphocyte 

Predominance

1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1



CLINICAL DATA REPRESENTATION

• Race – Modified One Hot Encoding

White American 

Indian / 

Alaska Native

Black / African 

American

Asian Unknown

1 0 0 0 𝑃 𝑊ℎ𝑖𝑡𝑒

0 1 0 0 𝑃 𝐴𝐼/𝐴𝑁

0 0 1 0 𝑃 𝐵𝑙𝑎𝑐𝑘/𝐴𝐴

0 0 0 1 𝑃 𝐴𝑠𝑖𝑎𝑛



PROPOSED METHOD

Combinations :



EXPERIMENT METHODOLOGY - EXAMPLE

Interim Radiomics + Clinical Features

0.73

0.21

.

.

.

.

0.02

Clinical 

Features

0.74 EFS

Interim PET

Radiomics

Interim CT

14.1

Male

.

.

III

XGBOOST 

Ensemble trees

0.21

0.04

.

.

III

Features Selection
Grid Search 

Cross 

Validation



Dataset 
AHOD0831

Matching 
CT and PET 

scans

DICOM to 
NIFTI

Resampling Normalizing Radiomics
Weighting 
features 

per patient

DATASET PRE-PROCESSING

137 successful 
patients

• CT (1,1,1)

• PET (4, 4, 4)

PET to SUV164 patients conversion feature 
extraction

119 features per 
patient modal



DATASET PRE-PROCESSING

➢Matching CT and PET scans

• Matching PET slices to CT

• PET selection

▪ Attenuation Correction

▪ BQML

➢DICOM to NIFTI

• Converting only segmented slices

• Converting RTSTRUCT points into mask

➢Resampling and normalizing

• Resampling CT to (1,1,1) and PET to (4,4,4)

• Converting PET to SUV



RADIOMICS FEATURES EXTRACTION

Weighting Features:

𝐹𝑝𝑎𝑡𝑖𝑒𝑛𝑡 =
σ𝑖=1

𝑁 𝑉𝑖 ⋅ 𝐹𝑖

σ𝑖=1
𝑁 𝑉𝑖



FEATURES SELECTION: RFECV



MODELS

For 7 combinations:

Find the best parameters for each model using Grid Search CV

Fit and evaluate the whole fold results for each model

Choose the model who gives the best result

The models:

• Linear regression

• SVM

• Random forest

• XGBoost



MODELS: LOGISTIC REGRESSION

Hyper-parameters:
• Regularization type and strength



MODELS: SVM

Hyper-parameters:
• Kernel Type (linear and RBF)
• Constants:

From Meduim.com

From A Modified  Support Vector Mach ine Classifiers Using Stochastic Gradient  Descent with Applicat ion to 
Leukemia Cancer Type D ataset

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


MODELS: RANDOM FOREST

Hyper-parameters:
• Number of Trees
• Maximum Tree depth
• Minimum samples for splitting

From Pre-evacuation Time Est imation Based Emergency Evacuation Simulation in  Urb an 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
https://www.researchgate.net/publication/337407116_Pre-evacuation_Time_Estimation_Based_Emergency_Evacuation_Simulation_in_Urban_Residential_Communities


MODELS: XGBOOST

Hyper-parameters:
• Number of Trees
• Maximum Tree depth
• Minimum samples for splitting
• Learning rate
• Subsampling patients and features

From Ensemble-learning approach  for th e classific ation of Levels Of Geometry (LOG) of build ing elements

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
http://researchgate.net/publication/357741497_Ensemble-learning_approach_for_the_classification_of_Levels_Of_Geometry_LOG_of_building_elements?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6Il9kaXJlY3QifX0


ROC CURVE

• Youden's Index Threshold
▪ Maximize J = Sensitivity + Specificity - 1



RESULTS
Model Accuracy BA F1 Sensitivity Specificity PPV NPV

CT + Clinical 

(SVM)

0.781

± 0.096 

0.707± 

0.085

0.537

± 0.156

0.587± 

0.098

0.827

± 0.109

0.538± 

0.268

0.890± 

0.026

CT radiomics 

(SVM)

0.685

± 0.232

0.679

± 0.108

0.512± 

0.176

0.667

± 0.193

0.691± 

0.318

0.503± 

0.297

0.911

± 0.051

PET radiomics 

(XGB)

0.674

± 0.190

0.663

± 0.062

0.462± 

0.051

0.653± 

0.232

0.673

± 0.292

0.428

± 0.146

0.912± 

0.051

CT + PET 

(XGB)

0.767± 

0.072

0.662± 

0.065

0.434± 

0.098

0.487± 

0.223

0.836± 

0.130

0.480± 

0.113

0.874± 

0.042

Clinical (RF)
0.628± 

0.134

0.661

± 0.038

0.430± 

0.030

0.713± 

0.229

0.609± 

0.220

0.347± 

0.088

0.912± 

0.054

PET + Clinical
0.767± 

0.072

0.662± 

0.065

0.434± 

0.098

0.487± 

0.223

0.836± 

0.130

0.480± 

0.113

0.874± 

0.042

CT + PET + 

Clinical

0.767± 

0.072

0.662± 

0.065

0.434± 

0.098

0.487± 

0.223

0.836± 

0.130

0.480± 

0.113

0.874± 

0.042



RESULTS

𝑁𝑃𝑉𝐴𝐻𝑂𝐷0831 ≔
𝐸𝐹𝑆 = 0 ∩ 𝑅𝐸𝑅

𝑅𝐸𝑅
≈ 0.84



FEATURE IMPORTANCE: SHAP



DISCUSSION

• 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 survival 

outcomes.



LIMITATIONS

• 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 symptoms

• The test and training sets were derived from the same database



FUTURE WORK

• Extend the framework on different and larger datasets

• Compare models trained on baseline, interim, and post chemotherapy 

scans

• Advanced MIL (multiple-instance learning)

• Combine imaging features with clinical and molecular data



CONCLUSION

• Combined interim CT radiomic and clinical features significantly improve 

outcome prediction in Hodgkin lymphoma.

• Developing reproducible, explainable models from hybrid data is highly 

feasible.



THANK YOU
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  𝑷 𝑷 𝑽


  67 %


  35 %


  75 %


  𝑨 𝑼 𝑪


  0 . 82   ±   0 . 002


  0 . 79 ± 0 . 01


  0 . 81 ± 0 . 12
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  N P  V  A H O D 0831 ≔    (  E F S = 0 ) ∩ R E R  R E R ≈ 0 . 84

