( \’{ Maastricht UMC+

Al applications for Data Management

Andre Dekker
Medical Physicist | Professor of Clinical Data Science
Maastricht UMC+ | Maastricht University | Maastro Clinic

Modern Radiation Oncology: multidisciplinarity in the era of OMICS and Al guided oncology
32nd Residential Course

Rome| Oct 17, 2022 | 15:45-16:00

{ j‘ Maastricht UMC+

Maastro P> Maastricht University




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

Transforma
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. J Clin Oncol 2010;28:4268
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Clinical trials, comparative
effectiveness research, molecular
and biologie data

Evaluation of
outcomes

tion of

Subsequent care
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Information-rich,
patient-focused
data

Data
aggregation,
evidence
generation
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Data Management for Al Applications
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CORAL: Community in Oncology for RApid Learning
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Al for Lung GTV delineation — Oct 11, 2022
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Extract data - TNM
S TNM-8 Lung

English Classify

ThoraxMass visible in the left upper lobe with a

maximum size estimated at 8-46 of 4.7 x 3.0 cm. T2b NO

Possible involvement in mediastinum. Satellite nodes

visible at 8-41 with an estimated size of 1.3 cm. Lymph Primary Tumor
node visible at station 7 with a size of circa 5,2 cm. No

lymph nodes visible at contralateral side. Small 4.7 cm Left Side

consolidation middle lobe. No indication of atelectasis.

Present Satellite Nodule (T3) Ipsilateral Tumor (T4)
Involved

Context Modifier

Context Target Lymph Nodes

deep learning approaches

machine learning approaches

rule-based approaches

| | | |
| | | | >
1950s 1980s 1990s 2010s
early days of NLP statistical ~ World Wide recent advances
approaches  Web comes in computer hardware
become popular  along enable deep learning

Nobel at al. Insights Imaging 12, 77 (2021).

‘\{[ Maastricht UMC+ Maastro % Maastricht University



Impute data - TNM Reclassification

Observed Hidden Observed
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Standardize data - GTV & RECIST AT i
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Primakov et al. Nature Communications 2022
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Standardize/add data - organs at risk (OARs) — Recalculate dose

Esopt A DEFINING REFERENCE STANDARD FOR TRAINING TESTING
contrast reference dose distribution High dose

Low dose
TRAINING "
virtual non-contrast

Cardiac dual-layer CT
acquisition with contrast

=

3

Radiother Oncol 2018;126:312.

Segmentation CNN — Segmentation CNN

Right Ventricle [l Right Atrium [l Left Atrium  [Jl] Myocardium [l Aorta [l Pulmonary Artery
® Left Coronary Artery ® Left Gircumflex Artery » Right Coronary Artery

Int J Radiation Oncol Biol Phys 2022;112:611

A representative patient case with DL contours in white and manual contours from 5 different oncologists in various colours.

Radiother Oncology 2022;173:62

Disclosure: The speaker’s employer (MAASTRO Clinic) receives royalties from Mirada
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Add data - Tumor characterization

GroupA  Group B
95 Patients + 92 Patients

3D Primary tumor
volume Segmentation

Preprocessed
scans
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MRI scans

Data Harmonization
Image Biomarker
Standardization

Initiative (IBSI)

HPV
AUC~0.85

Levene's Test
Kolmogorov-Smirnov's Test
Biserial Correlation

¥

Discriminant Features

|Eight Classifires:

1- Generalized Linear Model
2- Support Vector Machine
3- Artificial Neural Network NPV

4- Discriminant Analysis PPV
5- Naive Bayes AUC

6- Random Forest
7- Decision TREE
8- k-Nearest Neighbors

Med Phys 2020;47:563
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Convolutional
neural network
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13

Van der Voort et al. Neuro Oncology. 2022

1 - specificity

Input Segmentation
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Add data - Comorbidities Cardiac

Train / Tune
Cohort

Clinical Performance
Assessed the performance of the
deep learning system to predict
cardiovascular events in all
independent test cohorts

Maastricht UMC+

Deep Learning System

]
Heart - Heart - Calcium - [% Coronary Artery = Test
Localization Segmentation Segmentation Calcium Score TN 78 Cohorts

Clinical Risk Factors
Compared the results of the deep
learning system with other clinical
risk factors in all independent test
cohorts

Expert Readers
Compared the performance of the
deep leaming system with

ts of expert readers on
5,521 participants

Test-Retest

Assessed the robustness of the deep
learning system using test-retest
analysis on participants that received
two scans within one hour

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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Survival probability
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) 39 22 14 6 2
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Add data - Comorbidities Muscle strength, sarcopenia

B
(a)
P P

(b)

(c)

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

INPUT IMAGE WITH ANNCTATIONS ACTIVATION HEATMAPS

— TEST —

DISCOVERY a LOCK
— TRAINING —— TUNING — METHODS|  — TESTING —
HarvardRT Radboud - Maastro
RADIOTHERAPY n=317(293) n=147(104) end-to-end training n=307(211)
transfer
learning
Moffitt MUMC . M-Spore
SURGERY n=200(183) n=90(88) fine tuning @' n=101(97)
Performance Stability Important regions Biological basis
was benchmarked against models was assessed in the  were highlighted using  was explored using
based on the following features: following scenarios: activation mapping: genomic associations:
Z N 0 <d
| X O g
n=32 o
clinical engineered volume diameter test-retest inter-reader  activations genomics
variations

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

a | FaceAge Algorithm 5.

input

o202
b | Data £gsse
Discovery Datasets (n=58,851)

Training Dataset | IMDB-WIKI 3
@ 56,304 famous and healthy individuals
Manually curated and focused on

older individuals

Technical Validation | UTK

2,547 healthy individuals with
matched ages and ethnicity labels

c | Clinical Experiments EEE

Q2

FaceAge
vs Age Factors

Lifestyle

Deep Learning Pipeline

Face Face Feature
Localization

FaceAge Prediction
FaceAge = 40

output

Extraction

Clinical Validation Datasets (n=6,196)

MAASTRO-Biobank Harvard-Palliative

@ 4,906 patients % 573 patients ‘%
Stage |-Ill multiple cancer types Stage I-1ll thoracic cancer Stage IV metastatic disease
treated curatively treated curatively

Harvard-Thoracic

717 patients

treated palliative

Basic clinical information
ncluding clinical outcomes

Detailed clinical information
and outcomes

Detailed clinical information
and outcomes

3 Publicly available data

Human Subjects Experiments

Clinical
Outcomes

Cancer Types
and Stages

Expert+
FaceAge

Prediction
Models

10 humans, n=100 cases (Harvard-Palliative)

Zalay, Bontempi et al. Submitted
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Survival Probability [%]

FaceAge < 65
65 <FaceAge <75
75 < FaceAge < 85
FaceAge > 85
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UTK > 60 ALL
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100%
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» I
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25%
Log-rank
p <0.0001
0%
0 1 2 3 4 5 6 7
Time (Years)
Number at risk
1385 1067 861 700 536 409 250 128
2035 1565 1300 1062 815 634 419 228
1292 983 791 628 487 377 259 153
194 143 114 88 64 49 32 17
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Key Messages — Al 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 Al as Al needs a lot of data
* Federated Data Infrastructures
* Al can help in data management to
e Extract data from unstructured text data (NLP)
* Standardize data (OAR/GTV delineation)
e Add/impute data retrospectively (TNMS8, 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
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