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Disclosures

Research collaborations incl. funding, consultancy and speaker honoraria
– Pharma: Roche, Janssen, Bristol-Myers Squibb
– MedTech/Data: Varian, Siemens, Medtronic, Philips, Mirada Medical, IQVIA
– Health insurance: CZ Health Insurance 

Spin-offs and commercial ventures
– MAASTRO Innovations B.V. 
– Medical Data Works B.V.
– Various patents on medical machine learning & Radiomics
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Why data is important

J Clin Oncol 2010;28:4268
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Data Management for AI Applications
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AI for Lung GTV delineation – Oct 11, 2022
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AI Applications for Data Management
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Extract data - TNM

Nobel at al. Insights Imaging 12, 77 (2021). 
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Impute data - TNM Reclassification

n = 146,084
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Standardize data - GTV & RECIST

Primakov et al. Nature Communications 2022
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Standardize/add data - organs at risk (OARs) – Recalculate dose

Disclosure: The speaker’s employer (MAASTRO Clinic) receives royalties from Mirada

Radiother Oncol 2018;126:312.

Radiother Oncology 2022;173:62

Int J Radiation Oncol Biol Phys 2022;112:611
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Add data - Tumor characterization

HPV
AUC~0.85

Med Phys 2020;47:563 Van der Voort et al. Neuro Oncology. 2022
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Add data - Comorbidities Cardiac

Zeleznik et al. Nat Commun. 2021 Jan 29;12(1):715
Abravan et al. Med Phys 2020 7;78:173-178
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Add data - Comorbidities Muscle strength, sarcopenia

Sensors 2021;21:2083
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Add data – Things you did not know were (that) important

PLoS Med 2018 15(11): e1002711. 
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Add data – Things you did not know were (that) important - FaceAge

10humans, n=100cases (Harvard-Palliative)
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c | Clinical Experiments
Publiclyavailabledata

Discovery Datasets (n=58,851) Clinical Validation Datasets (n=6,196)

FaceAge Prediction
Deep Learning Pipeline

MAASTRO-Biobank

4,906 patients 573 patients

Harvard-Thoracic Harvard-Palliative

Stage I-III thoracic cancer
treated curatively

a | FaceAge Algorithm
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Training Dataset | IMDB-WIKI

56,304 famous and healthy individuals

FaceAge
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+

2,547 healthy individuals with
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CancerTypes
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older individuals

Basic clinical information
including clinical outcomes

Stage I-III multiple cancer types
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Stage IV metastatic disease
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Zalay, Bontempi et al. Submitted
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Key Messages – AI application for Data Management

• Only RCT based evidence is not feasible, we need to have complementary evidence. 
Especially in Medical Technology.

• We need data management for AI as AI needs a lot of data
• Federated Data Infrastructures

• AI can help in data management to 
• Extract data from unstructured text data (NLP)
• Standardize data (OAR/GTV delineation)
• Add/impute data retrospectively (TNM8, HPV, new OARs, comorbidities)
• Discover new data that may be important (pleural wall, faceage)
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Clinical Data Science research aims
1. Get access to all data of all people in the world
2. Learn personalized health prediction models from data
3. Apply prediction models to improve health

Cancer, Alzheimer’s, Cardiovascular disease, Diabetes, Heart 
Failure, Parkinson’s, Irritable Bowel Disease, Orthopedic 
Surgery, Rheumatoid Arthritis, Pediatric Surgery, Balance 
disorders, Hip dysplasia
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Thank you for your attention


