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The Pan-Omics of Oncology

Collect Screen Aggregate  Analyze
/Speamen\ Specimen Data Data

&ﬂ( o PANOMIC SPECIMEN CLINICAL

PEC Ay Genomics ANNOTATION COMES
SPECIMEN A
. Tissue

. Proteomics

« lood » () Transcriptomics

. Saliva

« Urine Metabolomics
1§ Epigenomics
@ Radiomics

Dosimetry

etal, PMB, 2017 M MICHIGAN MEDICINE

Step

Step IV: Statstical Modeling
Stap : Image Acqusition -

A ‘new’ form of —omics 0 5
— Quantitative information from LS
multi-imaging modalities (PET, h F

CT, MR, etc) could be related
to biological and clinical
endpoints st |||
— In oncology, it is decoding the 3
Tumor Phenotype with Non-
Invasive Imaging (Lambin,
12)
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adiomics analysis
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PET in Cancer outcome modelin
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Ohri et

Y-90 PET radiomics for liver radioembolization prediction

Phantom study to assess reproducibility
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g(x)=-292*PET_V80+3.11*CT_V70-0826
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PET/MR fusion for Sarcoma mets to the lungs |

A total of ~10,000
feature combinations
were extracted from 51
patients

No MetsLungs

With MetsLungs

» Scan fusion by
» by Wavelet Transform
» Feature selection by
» Maximum relevance-minimum
redundancy

RADIATION ONCOLOGY Carrier-Vallieres et al., PMB, 2015 (Rotblat Medal) M | MICHIGAN MEDICINE




7/6/20

PET/MR fusion for Sarcoma mets to the lungs Il

FUSED scans SEPARATE scans

Multivariable model response

RADIATION ONCOLOGY. Carrier-Vallieres et al 2015 (Rotblat Medal) M | MICHIGAN MEDICINE

Prediction of Early Intrahepatic Progression Risk using Deep learning + Conventional
radiomics |
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Localization of Early Intrahepatic Progression Risk using Deep learning + Conventional
radiomics Il

Attention NN
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Radiomics for immunotherapy
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Conclusions

Radiomics offers new opportunities to develop better understanding of oncology
processes and for personalizing therapy

Complementary information from hybrid (multi-modality) imaging (fused/separate)
can enrich radiomics models and improve prediction power

Machine/deep learning techniques can improve feature selection and statistical
learning in radiomics analytics and modeling outcomes

Proper integration of radiomics with clinical and other —omics (panomics) is
necessary towards development of informed clinical decision support systems
Main challenges for radiomics with machine learning methods

— Harmonization and optimization of image acquisition methods

— Validation and evaluation across independent datasets

— Better interpretation of radiomics models is still lagging
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