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There Is no escape!
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“We are the Borg. Lower your shields and surrender your A chief strength of the study is careful selection of the
ships. We will add your biological and technological distinc- clinical problem. The best machine learning applications
tiveness to our own. Your culture will adapt to service us. Re- address “pain points”—problems that are not easily or well

sistance is futile.” (1) solved with existing resources, including a radiologist’s

There is a certain inevitability to the deployment of  skill. Accordingly, clinical interpretation of Huorodeoxy-
machine learning and other advanced computational glucose (FDG) brain PET examinations is sorely in need
methods in medicine. Especially in radiology, among the = of improvement. Reader performance is variable from cen-



ML is central for imaging biomarkers
ve — @ A

Differential Intervention Drug Adverse Drug
diagnhosis eligibility eligibility effects response

DOSAGE AND ADMINISTRATION

e Titration is required for treatment initiation. (2.1)

¢ The recommended maintenance dosage is 10 mg/kg administered as an
intravenous infusion over approximately one hour every four weeks. (2.1)

e Obtain a recent (within one year) brain MRI prior to initiating treatment.

[Biogen 2021]
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[Fartaria et al. 2019]

[Maggi, Fartaria, et al. 2020] [Meier et al. 2020] [Haller et al. 2013]



Two main ML tasks In radiology

Image — Image prediction

susceptibility  label: abscess

findings abscess: 0.663

tibialis infection: 0.103

osteochondromatosis: 0.037

avg distance synovitis: 0.032

0.20 cyst: 0.026

[Dou et al., IEEE TMI, 2016]

[Shin et al., JMLR, 2016]



[Burn-Jones 1861]

Embarking on the journey



The map and the tools

Find and retrieve data q
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Finding images on the PACS at scale

Old way

P AGC3INMAN
Batch image query

] ] and retrieval tool
Known patient list

, . _ , PatientID StudyDate  Modality
Here’s a list of 500 patients and exam [ need to type them in one by 15345 50200117 R

dates, give me all their MR and SR one, come back in a week or 12345 50200117 SR
Images two and bring a hard disk 8388 20180915 MR
Unknown patient list

How many images with ProtocolName Sorry, nobody will ever know Prg@gﬁglgf}me 2018311:3(;“2)312:81231 Mod;;* ty
‘WIP748° were acquired between 2018

and 20207

With grateful acknowledgement of contributions from Fredéric Pedron (RAD), Firas Ben Othman (RAD),
Seb Tourbier (RAD), Roger Schaer (HES-SO), Alex Wetzel (DSI)



Finding other medical data
assays

clinical scores
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Horus explorer / Research data warehouse / custom RedCap (e.g. RegCOVID)

e g 488
w— . Aaacal
sass ...::. 3 .o: .' * .M‘z aa
. —— 2057 W% 0t . .
: = S e g : : -
: e S . S Ce '.... ® ee® et e '. AL A al 2‘
5 SOMT e T e . 2 g’“ FER
+ x SR N EHR THE
6 03_ . “ 2
g S LR |
i 0 500 sAmsAiaNNcatdac
§§’§§ HEt

Clyeimin .| -—
- CWIN £ M TEX ’ KM L
s LR - -
= m e PRI X x1Lawmr
0 Yime, M calrm tewmlistanines corviet’'
BN § RS, BRI RICE N CATATE ARTIOTAILe
" smpieie gy 1 2N WL 80 hvsidn.
e sl W auire awire s wriews dlew M
€% JECILIAT . O3 INTErIE.C ETELT MM CINE 4rv e o
sathent, & anrrdioe tw elinltol ge L6 Wisisie, Prriese
w0 ez mitaes ittt lex on slvies Madre dletical. 20
puviciewialel sarrime BiLMal, S i salalee
alle Ividrare co dxe 5 1S e A%< 2 RN T
el R T w e " CLE .
e SEoxtiex 15 % LR Tealin xhlom
o lewalil pacmiex n - ¥ b oale
- avwial - ve ’ -
" T . = 1 -
) LI Ul we .
- tt . " i
> " ir - -
v . - - " » o
. ' " ' - ledaw
- . -
. . -. T,
vl - i Kl
x
"elanr A - e - B
P XTI, NG war
- <lgeic Ny » renr
- Yinl ey 82 W
e Mu MM
LLWe *WIER AL, w EN o
IR L LERE L eiaMire
T OMCIAMINILING M OTRXw I 8 aerem

100-600




Depersonalising DICOM images
Tag (field) level

Image Metadata:

basic approach - rule-based

Key Value
Specific Character Set ISO 2022 IR 100
Image Type ORIGINAL\PRIMARY\M\NORM\DIS2D\MFSPLIT blank replace modify
Instance Creation Date 20210728
Instance Creation Time I names X
SOP Class UID 1.2.840.10008.5.1.4.1.1.4
SOP Instance UID 12,040/ unique Y
Study Date 20210728 IDS
Series Date 20210728
Acquisition Date 20210728 dates X
Content Date 20210728
Acquisition Date Time _
Study Time e but o
Series Time e
Acquisition Time s PatientMotherBirthName (0x0010,0x1060)
Content Time e
oo _ undocumented private tags
Modalities in Study MR\SR\PR

Manufacturer Siemens pixel data can still hold personal information



Depersonalising DICOM images

Image level

Delete Mask Deface/reface

original

16¢cm El326s
BREAST
FROZEN

786G

72DR

R3 A2 P16

TIS=0.5 MI=0.4 RA0=69%

[dclunie.com] [Huelnhagen et al., ISMRM 2021]
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Depersonalising DICOM data

Towards standardization: SPHN DCC working Group de-ID efforts

Risk-based approach

Risk Profile

General Questions

Risk value
subtotal

Category
weight

Risk score

No. of high risk answers

BioMedIT usage

254

35%

2

Structured Data

No. of high risk rules selected:

15%

Unstructured Data

No. of high risk rules selected:

20%

Multimedia Data

No. of high risk rules selected:

10%

Omics Data

No. of high risk answers:

Risk assessment outcome

No. of high risk options selected:

Total Risk Score:

20%

0.23

T T R R R R R AR R R R A R A AR AR Y
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Storing and sharing DICOM data

kheops-rg.chuv.ch

alrgap
Kheops

PAGCSMAN

de-identify + route

* example:

query + retrieve

. multicentric
public COVID CXR
(Catherine
Kheops Beigelman)
kheopspub.unil.ch CHUV Louvain

Collaboration with Frederic Pedron (CHUV/RAD), Alexandre Wetzel (CHUV/DSI), Yves Jaggi (CHUV(DSI), Solange Zoergibel
(CHUV/DSI), Roberto Fabbretti (UNIL/DCSR), Roger Schaer (HES-SO), Adrien Depeursinge (CHUV/NUC+HES-SO)



Complete DICOM depersonalisation workflow
The CHUV approach

Depersonalisation is great,

but we need consistent |IDs

and timings across images
and clinical data
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Image annotation

Label the images?

| need a manually traced contour of liver cancer
tumors

weak labels

e T
Label the reports? auess | BT

EQTe-rtahia Tndication:
iz- Aslrocylome qrade TTT lemporal ganche opard Cinconplel oo . radio o1

re:pcrEa

chimiothérzpie. Suivi.
lechnique:
Examen réalise sur appareil. Siemens SKYRA fit 3 Tesla @ L'aide das

| need a document-level label and some entities T R e

aprés injection de Gadolinium.

tagged to determine glioma response or progression T | W oescrtston
respcrue camparati 0 TRM o [ GGG

|T2- STigmate dc craniotoric Temporale gauche ¢t avec stabilité de 1a covité de
Stabilitc des plages en hypersignal T2ENEER]

anlero-nediales d2 1a cavile de reseclion, g0 aivedau de L' hppocamps gauch

Collaborations with Naik Vietti Violi, Clarisse Dromain, Meri Bach Cuadra, Patric Hagmann, Chirine Attat, Alexandre Teiga, Andreas Hottinger, Monika Hegqi

[Mint medical]

[Di Noto et al, PharML 2021]



Model development

ML = Theory + Data + Labels + Code + Compute

v v
Learning the basics 12 general nodes Jura - 10 nodes
- Hands-on intro to ML for biomedical data - RAM: 128 GB RAM: 256 GB -1 TB
1.5 ECTS doctoral school course, 2x/year CPU: 2x E5-2650v2, 8 cores cores:. 3?‘1 60
- Introduction to ML for biologists - 1 ECTS Xeon Phi: 4 nodes
BSc/MSc course, 1x/year
- Gentle Introduction to Decision Tree and 2 GPU nodes Curnagl - 72 nodes
Random Forest with Python and R, DCSR
course, periodic RAM: 1TB RAM: 512 GB -1 1B
- A Gentle Introduction to Deep Learning with CPU: 2x Xeon Gold 6148, 40 cores CPU: 2x EPYC 7402, 24 cores
Python and R, DCSR course, periodic GPU: 4x RTX 2080, 1x V100 GPU: 8x2 V100
RAM: 2TB
Keeping up with state of the art CPU: 2x EPYC 7742, 128 cores

GPU: 2x RTX 3090
- Deep learning journal club - 1/month

- ML Cafe - quarterly

CHUV HPC UNIL HPC



ML workloads for imaging



Generic pipeline

Data prep

<4
DICOM
& KHEOPS * . * sorting

DICOMweb API

NIFTI

conversion
w'docker

ML

— model fitting & eval
@ docker

feature
extraction

Workflow engines




GPU-bound: Aneurysm detection
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Approach: detection-by-segmentation Results: 80% sens @ 1.2 FP

Model: 855K params U-Net, training time  (in house), 68% @ 2.5 FP
14h x 5 + tuning (1x RTX 3090 48 GB) (challenge, rank 4/18)

Task: locate aneurysms (N=198)

[Di Noto et al, MCLN 2020] [Di Noto et al., submitted (arXiv:2103.06168)]



CPU-bound: Brain morphometry for diagnosis

[Sandu et al., 2014] [Fischl & Dale, 2001]

Task: segment the brain
Approach: FreeSurfer
Runtime: 12 CPU hours (Xeon
Gold) per subject - but
embarassingly parallel

SNSF project partnership - Pl J. Popp
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[Mahdi, 2020]

graph-based representation:
morphometric similarity
network

93% acc
Alzheimer
VS controls

ML: graph embedding +
non-linear dimensionality
reduction + SVM



“storage-bound”: Cardiac MRI processing for imaging genetics

DiIobank

, N Enabling scientific discoveries that improve human health
Slice position

X IIIIILS
CEPPPPPeV
XTI X

e RV blood pool * RV wall ¢ LV blood pool LV wall Ay - 21 0 TB

[Bello et al 2019]

Unprocessed data: ~ 2.5 GB / subject
x 42°000...

Cardiac phases

X 2 (processed)...

Task: segment the heart &
estimate motion

SNSF project CRSII5_202276, collab. with R. van Heeswijk, R. Hullin, P. Meyer, M. Stuber, Z. Kutalik, M. Cuendet, R. Gatta, A. Thomas, J.P. Vallée, D. Carballo



Wrap-up and take-home points

using clinical routine images for ML...

requires tricky depersonalisation to
implement due to minute details (and
manufacturer differences) in DICOMSs

needs considerably more ethical care than
typical computer vision problems

IS Increasingly feasible and scalable thanks
to open software and standardisation
efforts

unlocks literally
millions of images
for very impactful

research, both
pbasic and applied”

*See related workshops and conferences
https://micnws.com/
https://sites.google.com/view/pharmi2021
https://www.miccai2021.org
https://www.midl.io/



https://mlcnws.com/
https://sites.google.com/view/pharml2021
https://www.miccai2021.org
https://www.midl.io/
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