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Populatlon based dose response
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The Pan-Omics of Oncology
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comes Modeling Schemes
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El Naga, Wires, 2014

Integrative radiobiological modeling

TCP/NTCP are multi-factorial and depend on: radiation dose and patients’ genomic
(radiogenomics) and imaging (radiomics) characteristics before & during radiotherapy
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diogenomics NTCP Modeling se + genomics

Rectal bleeding in prostate cancer
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come modeling by Machine learnin

—Generative models

Input d output
* Model class-conditional PDFs and prior probabilities
(Bayesian networks, Markov models)
— To predict you need to know the system
—Discriminant models input output

« Directly estimate posterior probabilities (logistic regression,
neural networks, CNN, random forests, SVM)
— Predict without knowing the system
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Deep vs conventional machine learning

Conventional “shallow” learning process

Input aw. Output labels

\—. Deep learning agorithm

Learing datarepresentation (dossicatioydetection)

Input PET/CT image

Fuly connected ayers

pooiing layers

RADIATION ONCOLOGY ™M | MICHIGAN MEDICINE

10

Applications of ML/DL in Medical Physics and Radiation
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Machine Learning Outcome Modeling

8 Retrospective Radiati Imaging
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ulti-Objective Generative Models

AMO-BN can be used to predict multiple radiation outcomes simultaneously, which provides opportunities
of finding appropriate treatment plans to solve the trade-off between competing risks.
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Deep learning architectures for joint actuarial prediction of LC and RP2
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M L Val |d at| o n Transparent Reporting of a multivariable prediction

model for Individual Prognosis Or Diagnosis (TRIPOD)

» Depending on the level of evidence
— Selection appropriate learning
algorithms
— Validation and evaluation (TRIPOD
criteria)
« [nternally (cross-validation
schemes)
« Externally (independent datasets) ™"

— Provide interpretation of machine
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ML Accuracy versus interpretability
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Interpretation of deep learning architectures for prediction of LC and RP2
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Conclusion

Radiomics and radiogenomics offer new opportunities to develop better
TCP/NTCP models and for personalizing radiotherapy

Machine/deep learning techniques can improve feature selection and

statistical learning in radiomics/radiogenomics analytics and modeling
radiotherapy outcomes

Main challenges for radiomics/radiogenomics modeling
— Harmonization and optimization of data integration methods
— Uncertainties in data and model building schemes

— Proper validation (TRIPOD criteria) and robustness for clinical decision
support

— Better interpretation of radiomics/radiogenomics models is still laggi”
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