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CERN - the world’s biggest
laboratory for particle
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3 establlshed on 1 July 1953 -
- “Science for Peace”
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The CERN accelerator complex

C E R N a cce I e ra to r CO m p I ex Complexe des accélérateurs du CERN

Complex system of systems
extending over 27-km circumference, 100-m underground,

™2

equipment generating huge amounts of data W o e
HiRadMat
= }QM MEDICIS
Optimisation, reliability and sustainability of the epm L I
operation and diagnosis of a complex systems of systems maEm [ Teoe I Sl
o _‘ ¢ ) ISOLDE : :
* Sy W

Critical review of centralised versus decentralised " '
computing and data storage

New paradigm: keep data on edge devices or locally,

distribute models parameters and knowledge
elegant and cost efficient,
optimise computing,
minimise communication & storage,
guarante privacy, data protection and model robustness
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A laboratory for people around the world
In 1954 CERN had 12 Member States (23 in 2023)

ATANATATANATATA

Geographical & cultural diversity

Users of 110 nationalities
19.4% women

':i\_}%}‘igg

23 Member States

Austria — Belgium — Bulgaria — Czech Republic
Denmark — Finland — France — Germany — Greece
Hungary — Israel — Italy — Netherlands — Norway

Poland — Portugal — Romania — Serbia — Slovakia Spain —
Sweden — Switzerland — United Kingdom

3 Associate Member States
in the pre-stage to membership

Cyprus — Estonia — Slovenia

7 Associate Member States

Croatia — India — Latvia — Lithuania — Pakistan
Tlrkiye — Ukraine

6 Observers

Japan — Russia (suspended) — USA
European Union — JINR (suspended) — UNESCO

' CERN’s annual budget
" \ is ¥1200 MCHF (equivalent

o3 ) to a medium-sized European
; N university)
. TR : e As of 31 December 2021
Employees:

2676 staff, 783 fellows

Associates:
11 175 users, 1556 others

Contractor’s employees: ~2000

Around 50 Cooperation Agreements
with non-Member States and Territories

Albania — Algeria — Argentina — Armenia — Australia — Azerbaijan — Bangladesh — Belarus — Bolivia -Bosnia and Herzegovina - Brazil — Canada — Chile — Colombia
Costa Rica — Ecuador — Egypt — Georgia — Honduras - Iceland — Iran — Jordan — Kazakhstan - Lebanon — Malta — Mexico — Mongolia — Montenegro — Morocco
Nepal - New Zealand — North Macedonia — Palestine - People's Republic of China — Peru — Philippines — Qatar — Republic of Korea — Saudi Arabia — Sri Lanka

South Africa — Thailand - Tunisia — United Arab Emirates — Vietnam
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Four pillars underpin CERN’s mission

RESEARCH

COLLABORATION

TECHNOLOGY
& INNOVATION
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CERN develops technologies in three key areas
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F C 7- N’s technologica/l innovations have
- . applications in many fields

CERN is the birthplace
of the World Wide Web

Medical imaging, cancer therapy, material science, cultural heritage,
aerospace, automotive, environment, health & safety, industrial processes.

29/09/23 F 9




CERN'’s technological innovations have important
applications in medicine & healthcare

e -

‘_ Technologies applied e - R CERN produces

M @ at CERN are also used . .. innovative

in PET, for medical o WS Eh B radioisotopes for
imaging and S e nuclear medicine
diagnostics N\ i ¢ research

Pixel detector
technologies are
used for high
resolution
3D colour X-ray
imaging

Accelerator

technologies are
applied in cancer
radiotherapy with
protons, ions and
electrons
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WORLDWIDE LHC COMPUTING GRID

Running jobs: 365644
Active CPU cores: 807139

A key tool for
physics
The most sophisticated data-
taking & analysis system ever
built for science, providing near
real-time access to LHC data.

d¥b)

o

Global
collaboration

42 countries
170 computing centres
Over 1 million computer cores

2 exabytes of storage

Seamless access

Computing resources which
include data storage capacity,
processing power, sensors,
visualization tools and more.

06

Enabling
discovery

WLCG computing enabled
physicists to announce the
discovery of the Higgs Boson on 4
July 2012.

Transfer rate: 21.54 GiB/sec
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. A'M@vel Al-based tool based on the integration of clinical a c %tient data
ovel a Federated Learning infrastructure developed, tested, ffidated and
hosted at CERN

“CAFEIN originates in the application of a CERN
technology used to identify defects in LHC”




Ta ble Of CO nte nts %% CERN Computer-Aided deFEcts and anomalies detection, Identification

« " CAFEIN ' 3nd classificatioN system for digital images and data

f% CERN ) _
P * CASO Computer-Aided Support to Operation

Part 1 — L. SERIO - CERN

* CERN developments in the field of Al
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Industrial System Physical Model Sotaorven Machine Learning
System of equations which describes the physical processes of the industrial equipment

mmmmmmm

n
...................................

Artificial Intelligence and CERN

Voltage (V)

L1

Magnetic Field (8)

\
i,
a%g
1

\I

_______________

Machine Learning learns and numerically approximates the function f

* Operation support, early identification of failures and prescriptive maintenance

* Big Data analytics and machine learning techniques to extract descriptive and predictive models

e Suitable for complex systems and variable conditions /’
e Efficient when difficult to develop physical modelling

ALICE

n)
*x

* Allows to identify patterns in signals, anomalies or failures
* Allows to discover “hidden” dependencies
e Reveals new information from available data (a.k.a. data-mining)

 Complex system of systems with very stringent requirements in terms of availability and reliability

* Requiring tools for: quality control, faults analysis, prevention, prediction and mitigation

* Providing a complete test bed for: complex fault trees, systems dependencies, risks and failures propagation,
data and images analysis and interpretation

C\E/R;W P. Caliandro and L. Serio | TRUSTroke seminar 29/09/23 14
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Brief history of the initial work 1/2

g Continous network
< training
% Report clustering
Negralegehnllgrk
Databases (physical data, defectidenciicaton
alarms, interventions, cost, etc /
SoorK ETL New weld Wel No Improve ROI
tobe dentiiear and defec
Spark SQL Stff::mg MLib GraphX engine P g
f
Apache Core Report generator
valid?::ed? l
e VEBBED Distributed Fie System o l ‘ oldsion i
Framework to automatically Extract, Transform, Framework to automatically Extract, Transform, Load,
Load heterogeneous data for analysis Cluster heterogeneous data and images for analysis
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‘.\ CERN
« °*CASO

Brief history of the initial work 2/2

Collimators — detection of the temperature sensor failure — LSTM

UPSs — detection of battery ageing — bi-directional LSTM “”’{‘ K ‘"\“ ”’{'

Transformers — fault detection/RUL- autoencoders and random forest

The ensemble model % i
A probabitty P(el¥) = . 3 pu(clv) %ol

Cost-Sensitive Support Vector Machine (CS-SVM)
Total geror = 10,

Electrical devices vs. Beam Dumps — RELIEF and Wrapper (Genetic + CS-SVM) l e
) | ooooo%?ooooo
§§1: ! E.E.E ?‘, Lo - g %h.@.. %
Mining Dependencies of Systems and Components from Alarms Cascade — APRIORI €<} 7" " 7 — . 2.280 @
A|| Mz' An A4 4«5‘ Mb‘ A7 A8 Time e ‘_\'. .’—i o
L@
C?nV Neural-Net (CNN) ! R;ljlieyvonswm’t CNNfeaturesE @ k.'. \,: Ga
Automatic detection and classification of Welds — R-CNN e : : ‘ 0 =
G B & Lipe s S 4Gy
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« °*CASO

Complex systems modelling: Graph Neural Networks

recicted Model-predicted
/

del-{
qtl\ Step 10 Step 10/ 10

‘\‘ o, % RN R A, %
Neural Network that operates on graph data (GNN) é‘;‘@f » ,@Y > Bee 2 BRe
. B B PR 1?;,,
A graph network takes a graph as input and returns a graph as output. o i s e o

The output graph has the same structure, but updated attributes. .; {/{7’& {/0{77,‘! i./"7”} .;/1/4}
g0 T g0 ‘\»’4—-—."

R
=S S S s S

Proved to be able to learn interactions (and physics) just by "observing" the real world
Many real-world objects and phenomena can be represented as graph problem. e.g.: Simulations [Sanchez-Gonzalez at al. 2020]

Useful in complex simulations, can speed-up and optimise computation
They can learn relations (“physics”) just based on observations => They have the potential to find new (yet unknown) relations

Ground truth Prediction

Liquid Helium
l /\mBHX
1 I \
Modelling of the LHC cryogenics Superfluid = ]
Helium Flow in Bayonet Heat Exchanger Tubes » N mnfe'r .n[l‘ \
. e ] S Dryout point
using Graph Neural Networks ' e s 8 e Heat tranfer
K1@1(\“ I— prgr—— Cold mass — BHX
.

magnets

I | .
B | 2
Heg t load fxor 'f "k;#_ Y| ‘I Heat load from
) SIQ % e < / '_» l{{
e e Oxa|

p——
Ref. Investigation and perspectives of using Graph Neural Networks to model complex systems: the simulation of the helium Il bayonet heat exchanger in the LHC — R. Stoklasa, N. Calabrese, L. Serio — CEC2023 — Hawaii USA
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https://arxiv.org/abs/2002.09405
https://arxiv.org/search/cs?searchtype=author&query=Sanchez-Gonzalez%2C+A
https://arxiv.org/abs/2002.09405

++ v Al assisted diagnosis and prescriptive maintenance
* "% for critical infrastructures operation

different and heterogeneous sources and systems

: : : Rule
Data-driven tools capable of discovering
. . QSCB_8_CSY_C7_SI8.IST F--T---------.- ------ I 1
dependencies and abnormal behaviours ‘isn 1 Quick sortalgorithm | Causality
SF_8_CTLL8O®1_AL_CPY.IST i Alarms ID LI-._ -, _l . : rank
Alarms . : ®
. . . . sequence 0= =0

Capable of inferring and interpreting data from | _q, o .J : »
]
1
1

[Alarm Data RapresentaﬂonJ

Augmented Evolutionary and APRIORI
= Algorithm for the Identification of
| Functional Dependencies
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Ref. A Data-Mining Framework for Functional Analysis of Complex Technical Infrastructures — F. Antonello — Politecnico di Milano — PhD - 2017/2020

Ref.: A Niching Augmented Evolutionary Algorithm for the Identification of Functional Dependencies in Complex Technical Infrastructures from Alarm Data, F.
Antonello, P.Baraldi, L. Serio, E. Zio, IEEE SYSTEMS JOURNAL, 10.1109/JSYST.2022.3146014
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e cern Al assisted X-ray image analysis for
« TCATEN - quality control of LHC welds

Deep Learning — Convolutional Neural-Networks

— < Image Classification, Object Detection, Semantic Segmentation, etc...
v oev
v Infrastructure_CERN Request Manager # " Number of gas pores during the years -
~ © B311_Demineralized_water
v 1852757 P it Skl ‘ hd reports_path
Mo 25.dem L ! ~ | Defect
I 20170504 1422 : : 401 50
JPE i Neural network based 1 601
2 1 defects detection Reporting | 1 2011
- 2 ! Operdl I::::lledge " S : NoDefect
1. g ® =] D 1 == v Images
1 [ o ! b Defects
! w < I D ! 401
reports_path ' E ' 601
@ 1852757 B311_Demineralized Water.docx ! — ! 2011
. L NoDefects
- 1852757_B311_Demineralized-Water.docx ' :
@ R N ! New knowledge extracted '
# 1852757_B311_Demineralized-Water.pdf !
1 Reports 1
2 . 1
- 1852757_Job_Reception.docx : CAFEIN Platform 1
.....................................

Cloud Backend

The developed CNN-based detector (by category):

Input Image

*Average Precision

- AP* with loU* of 50 % for weld detection =97 % **lntersection over Union

AP** with loU* of 50 % for pore detection =79 % avea of overlap

10U = =

area of union .

The evaluation set considered is composed of 450 images ~
Ref. A deep-Learning based Method for the Detection of Defects from Images of Industrial Equipment A. Perin - Politecnico di Milano — MSc thesis 2020 St Rekee | [het]
CERN . . .
\/N P. Caliandro and L. Serio | TRUSTroke seminar 29/09/23 19
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loaren Image segmentation using superpixels and GNNs

GNNs are versatile and easily scalable

Have been successfully tested and implemented at CERN to segment
cracks in images

Reconstructed Image 115 from samples, for threshold 0.61

Reconstructed predictions

Shortest
” Predicted M ti tM
Path Tree e, v 6 e ap o voting_map 0 gtMap_map
QeSS  Path Prediction = = 0 6
7 red : 20 i 100 4 100
Sampling e — 050 3
. 30 025 150 150
2T 2
A 40 0.00 200 200 2
50 250 250
0 20 40 0 0
300 300
0 100 200 300 400 0 100 200 300 400
o coverage_map o gtMap_thick_map
50 6 50 6
100 100
4 4
150 150
Precision : 0.957 200 ? 200 ?
250 o 250 o
Recall : 0.846 300 300
F]_ score 0 889 0 100 200 300 400 0 100 200 300 400
Location of samples used Reconstructed original
for reconstruction image segmentation
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++ cxv CERN Budget for Knowledge Transfer to Medical applications
«* CAFEIN

Extension to the medical field of Al tools for

- functional and dependency analysis of complex critical infrastructure
- digital imaging for radiography autonomous defects detection

* Field of application:

Semi-automated analysis and modelling of medical data and images
Diagnosis and treatments based on multiple features and data beyond human perception

Federated learning and distributed computing to ensure privacy for a wide and safe international
collaboration as well as access to diagnostic models in remote areas

« Competing technologies:

No other technologies ready to use in the field, tailored to clinical needs and privacy preserving

* Maedical application:

Brain pathologies detection, analysis and segmentation based on CNN applied to MRI images

C\E?W P. Caliandro and L. Serio | TRUSTroke seminar
N7
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Medical application proof of concept:
detection and segmentation

"\ CERN
o T CAFEIN

=7, HELLENIC REPUBLIC

Training on initial 230 multimodal MRI (3 T) multimodal images
% National and Kapodistrian

n H . o, ¥
Detection accuracy: 84 % BIK Univercity of Athons

= (Classification accuracy: above 93 % (image based) e
= (Classification accuracy: 85 % (radiomics based)
]
model S OUtF.)l"Jt . Receiver operating characteristic to multi-class Image labeled by the
detection & classification T} I radiologist
.'.I"f 1.0 4
0.8 4 ’.."# 0.9
a ’JJ" 0.8 q_l
a e 0.7
g oG 'HH % 0.6
E 0.4 .#_'.-" W 7 os] o &
s micro-average ROC curve (area = 0.93) 031
# 1 8 macro-average ROC curve (area = 1.00) 0.2 1 .
0.2 7 ‘_.;-' ROC curve of class glioma (ares = 1.00) o014 g E::nesmwty EJ.:]
r ROC curve of class menignioma larea = 0,93) 3 FDR
ROC curve of class pituiltary (area = 1.00] o0 <10cm3 (N:8) 10100 cm3 (N:12)  >100 cm3 (N:4)
0.0 ‘ '

0.2 0.4 12} 0.8
False Positive Rabe

Grouped Ground Truth Volumes

Ref.: Development and use of deep learning algorithms for brain tumor diagnosis and classification based on MR images - I. Stathopoulos — PhD — 2020/2022
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Robust, scalable and trustworthy modular design

<€

CERN
* CAFEIN

POLITECNICO
MILANO 1863

atient data

Medical

node
/\

"™ |(Local) training

/AI models #1 H

@

Parameters

U

Global models

(can be transferred to loT
devices for personalized
treatment: smartphones,
wearables, etc.)

.

(

(X J

SVAVE

(e
)}L

Patient dataset(s)

% HELLENIC REPUBLIC

FAKULTNI
NEMOCNICE

: BRNO

National and Kapodistrian
Universi ty of Athens

% B3 B3

Federated Learning and Distributed Computing
required step to extend to clinical datasets (privacy and anonymization)

CEW@

Consiglio Nazionale POLlTEC NICO

delle Ricerche

MILANO 1863

CERN pooled and coordinated resources and know-how from academia
To develop algorithms, communications and network design
Deployed, tested and successfully validated a POC

Tailored designed for applications for healthcare institutions

+ +
HE HE
AL AL l.
- ™ - ™
LX) m (X ) (X ) C-'-)® II.
(D) (X)) .
¢| 0o
D:T - — = = > Interface with medical nodes: modular, PaaS principles
(39) lll ------- > Networking (client-server, distributed,
decentralized, etc.)
& Parameter
@ @ Server
__________ Optlmlzatlon/data processing, trusted

PS designs

Ref.: Federated learning architectures and algorithms for diagnostic imaging in healthcare networks — B. Tedeschini —

MSc thesis — 2021

The federated platform is composed of:

l. a modular interface to instantiate,
monitor and control FL processes

a network infrastructure that
supports advanced security methods

[l a parameter server designed against
security attacks (data poisoning and

model inversion)

Cw
\

N7
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[ Caren Platform POC test and validation

Federated approach impact:
MRI

- Robustness of global models v. local models

Prediction

- Privacy and confidentiality of data

Single node
- Communication optimization and sustainability
0.9
0.85 | FL Server
0.8
é 0.75
Centralized ML
0.7
,’ —»—PS-S/C-S
| —e—PS-S/C-A
0.65 | | —a— PS-A/C-A
| — Centralized ML
I —— C/C-A
0.6 L : ' i
0 1 2 3 4 5
Time [s] <104

Ref.: Decentralized Federated Learning for Healthcare Networks: A Case Study on Tumor Segmentation, B. Camajori Tedeschini, S. Savazzi, R. Stoklasa, L. Barbieri, I. Stathopoulos, M. Nicoli, L. Serio, January 2022,

in IEEE Access, 10.1109/ACCESS.2017.DOI
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R Deployment of the first clinical appllcatlon

" CAFEN hrain pathologies screening tool

e 36
Appointment H Waiting Queue |—!= "‘IE\raluatmn Queue m Diagnosis |’

] No brain

part
. . . Upper
* Typical examination comes as PP

consecutive 2D slices

* Only a small amount _contains
useful information

* Tool for automated and optimized
screening to save time and use
efficiently clinical resources

Lower

* 3D multi-modal U-Net

No brain
part

Ref.: Brain Lesions Screening Tool Based on Deep Learning - Stathopoulos I, Stoklasa R, Tsochatzis A, Velonakis G, Karavarsilis E, Efstathopoulos E, Serio L
1st Panhellenic Conference of Medical Physics - Athens — September 2022 https://doi.org/10.1016/51120-1797(22)03066-6

LLENIC REPUBLI(‘

National and Kapodistrian §

University of Athens
EST. 1837

|
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% CERN
L ]

o« * CAFEIN

Results of the screening tool for MRI images
pathologies detection and selection of relevant images

No Brain

ROI Classifier

..........................................

® abnormal brain

3D U-Net
Detection &
Segmentation

U-Net Detection &
Classification

/
\

- Per-slice accuracy above 97 %

- Average DSC: 0.89 - @9
g .. Coefficient

Abnormal
Brain

- Parametric detection thresholding

i
g
.
= e R
P ( = } R

Interpretability

original " Saliency map Heatmap

0
50
0
50
00
0 100 200 0 100 200

100

0 100 200

Ref.: Development and use of deep learning algorithms for brain tumor diagnosis and classification based on MR images - loannis Stathopoulos — PhD thesis - Athens University — 2023
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L% CERN

Platform extension - screening

*CAFEIN Risk based approach for the screening of breast and prostate cancer

“Does screening work” shall move to “for whom does screening work?” — ref IARC / WHO

* Avoid overdiagnosis and overtreatment ‘.} @
i
A

e Optimize clinical support

* Profit from available large datasets and national studies / follow-up bt

PROSTATE SCREENING IN MEN

IF THERE WAS A PSA PROSTATE CANCER SCREENING PROGRAMME

WITHOUT SCREENING VITH PSA SCREENING
) —

Unnecessary
overdiagnosis and

Breast and Prostate cancer
» Remaining top 5 cancers w/o risk-based approach
» Large nationally available datasets presently not shared internationally
» EPIC study: one of the largest cohort with more than 0.5 M participants

r—— g |  Diet, nutrition, lifestyle & environmental factors, the incidence of cancer
aas cas 1et, nutriton, 11 Yy Vi R INCI
e O L L
61 wilbeveos TTIRERITEY [ . %-¢ CERN
LAdaddtangi teerrieeee . ‘(éEKEElN " CERN .° * CASO
tirtreeeit freerittee ¢ « "CASO . —
FRERRTTTIT THETTRITIT w Patent dat set() GNN algorithms for data-driven infer of
thErbEE (2 Sos f e #3835 o vl i APRCR dorins dependency models
22222222 Ihese are T L2 3 Medical = the Identification of Functional Dependencies
P | e (TR H s -
:»:Ji:w:;;z.. TP T I Y H Almodels #1  #2 — INPUT TRAINING: APPLY ONE OR MORE GNN LAYERS GNN DRIVEN
narm bhbbitbdd E| Go QC) HRER(Y) Rule GRAPH STRUCTURE HIODEN LAYER HIDDEN LAYER DOWNSTREAM ML TASKS
DUE TO SCREENING LELLAER] 3 L. O % w— ) e ., R cssicanon
?8.51?:1‘53;‘11?3 i 0 ves whiosared £ i | Quick sort algorithm ! Causality Lo 3 L
cancers that would not have S0 10 3reaning £ SAMSAEET | plarms 1D :_. o @ ! rank Ve NODE EDGE GRAPH
caused tham any harm e H ———— [ b
5 Alarms [P, N | )
s sequence B! Pairwise causality pe="_=0 REGRESSION
g Global models — o Coew n .
Subwance Screenig br Procisls Cancer Mmten &|  (canbe transferred toloT |9 CHy R ORI il pe
Cochane Useary 2503 B p— B|  devices for personalized | _ 25 Paramoter e e e n E . NODE  EDGE GRAPH
LETS BEAT CANCER SOONER é RESEARCH & treatment: smartphones, [0 &1 @ Server }l____________________________________. ' 1 ° .
erukorg e UK bles etc) INFERENCE: APPLY ONE OR MORE GNN LAYERS
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*% CERN
[

J** CAFEIN
[iLal|

Pe rs pECt ives a n d fUt u re WO rk share knowledge without exchanging data

Al to support healthcare in areas were access to healthcare is limited due to lack of specialists in the field
. o . e e - s " -y - .

of technology, diagnosis, therapies and monitoring r'\' _ ': rz\’ ===

J ¢ "CASOL " *CAFEIN]

Estimated number of radiologists per million inhabitants Artificial intelligence-driven workflow for imaging in patients with cancer

I e e N S B s
I Radiologist Review ‘

- ‘;w_ = i
P Registration Streamlined & Interpretation l
> | H Voice activated Point of Care relevant
3 The entire process is Automatic maglng clinical/pathology inf; Triage by Al, with
- Medical Information analyzed from Blosensors for optimal image abnormal findings, display key images l
Radio Frequency Identification. acquisition & standardization ' with quantitative actionable information.

‘--l

@ <\f§\>—é@ ' )

Patient
Arrives

Radiologists ranges - ——q--_ - — - LN N N N N |

M More than 100 Protocoling l Postprocessing Consultations & I

B Between 50 and 100 (inc) Protocol automatically ‘ Automated extraction of information from I l Integrated Diagnostics

B Between 25 and 50 (inc) personalized for each individual based abnormalities to allow complete assessment ab e s '\/R/I

B Between 10 and 25 (inc) ) ondchmcal indication, risk factors and I of disease or oogren \l‘:llt;)\“tlht’l;am g pa;;:nt
Between 0 and 10 (inc) ey s T e il P S e gy o ™ B 10 consult on imaging results. l
Data not available Ref. Lancet Oncology Commission on Medical Imaging and Nuclear Medicine

Al algorithms with Federated Learning to provide efficiently quality healthcare everywhere and at the same
time enhance the robustness of the models with huge amounts of untapped data
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'. CERN
* CAFEIN

|im1|
| —

Pe rs pECt ives a n d fUt u re WO rk share knowledge witho:ut exchanging data

Al to support healthcare in area were access to healthcare is limited due to lack of specialists in the field of technology,
diagnosis, therapies and monitoring

F—-——q

TUNISIA l . ™, CERN
. .,
» ®
o~ * CAFEIN}
ALGERIA LIBYA Ll
- -—
- - oy

For nearly 60% of cancers, RT is most useful tool for cancer cure or palliation; i .\\. EEE\SIO :
[ ] &
. . . [ ]
inadequate supply of RT linear accelerators (LINACs). I_ - d
- - |
. Gap greatest in low-middle income countries (LMICs)
27.5 million new cancer diagnoses and 16.3 million projected cancer-related 0SSy —— |
* Ethiopia 1 115 M 115,000,000
deaths worldwide in 2040. (WHO) Nigeria 7 206 M 29,400,000
€ICEC Radiotherapy coverage - ANGOLA
. . i . Tanzania b 59.7M 11,900,000
. 70% of these deaths will occur in LMICs - N l&
wposou e, & Kenya 11 538 M 4,890,000
upto SM NAMIBIA A
. . . . . s Morocco 42 36.9 880,000
Current LINAC technology is complex, labor intensive, and high cost to acquire, mwon i :
No dua e ¥ SouthAfrica 97 59M 608,000
install, operate and service.* S [ 72 67.M 195,000
1 jaffray, D. A., Knaul, F., Atun, R., Adams, C., Barton, M. B., Baumann, M., ... Gospodarowicz, M. (2015). Global Task Force on Switzerland 540 86M 119,000
Radiotherapy for Cancer Control. The Lancet Oncology, 16(10), 1144-1146. [237]. https://doi.org/10.1016/51470-2045(15)00285-5 Us 3877 331 M 87 000

El-al-g-o;th;s_ w_ltFI?:ed_ea't-eFfé;'r:ng'to provide efficientlyysupport to-d;sllgn operatlo:a-na-mamten;\::_e'of high
TeTHROTOgY deVvitss Th esumMes WithMtrhited access to specidets aNd ressoUTtE s = = = == = = = ————
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*% CERN
[ ]

" * CAFEIN
i |

Pe rs pECt ives a n d fUt u re WO rk share knowledge withdut exchanging data

Algorithms and federated learning in edge devices
wearable by the patient

Empowering the patient with his data, their control
and privacy, the knowledge of the global models

Data connector

!;‘ &a . Gl
0 ®w § =
OUTPATIENT FOLLOW
UP INFORMATION & WEARABLES EJIR INFORMATION ~ CLINICAL DATA  LAB DATA
OUTCOME MEASURES @
[1]
A

‘.\\ CERN
o " CAFEIN

N Y

Data Center Specifications

B @B

Data transfer
& storage

GPU Cooling

FL Specifications

Eh ® % CERN
E m <0 o> * CAFEIN

Cooling Data transfer
& storage

Federated learning to support sustainability optimising
the learning process while minimising data exchange,
storage and communication overheads.
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THE FRAMEWORK PROGRAMME FOR RESEARCH AND INNOVATION

the TRUSTroke project
novel Al-based tool to assist in the management of stroke

Al-tool based on the integration of clinical and patient reported data

. . Trustworthy assessment of disease progression and risk of recurrence
Stroke is the leading Y prog

cause of severe disability ,, .10’

) 000 enrolled patients’ data will train algorithms over CERN federated learning platform
worldwide

Local client infrastructure e==--- Federated Learning Network and Infrastructure T

e P f.% CERN :
ﬁ-}l::l'd‘ﬂebron § § & ® 5} , Physical Patient& gp
. Institut de Recerca a-é € .8- ¢ 3 CAFEIN ; ‘' therapiest caregiver
° 1.1 m StI"OkeS/ym EU ) . . @:g gg—)ég g <« E & ;8
f b e @ 7L Ell |lg v g ® Modular interface ! ad *- -
]| : g  22Gw i - Ps
: i i ® = Anomyized Medical & == (Paas principles) ,
° O * 5 m d eat h S/y I n E U OUTPATIENT FOLLOW WEARABLES data node S . 'f‘ , -
UP INFORMATION & : ' ' '
. OUTCOME MEASURES : : ' Networking '
® 9 . 5 m St rO ke S U rVIVO rS g ; e 2 e (client-server, FL algorithms (global Al |
g | m g =& L decentralized) model(s), optimization, ' E
E I g § g g f trusted PS designs) '
o = 2 e 6 ' A '
g : @ é §_’ : é CC);J E : E TRUSTroke Platform
o}l HOSPITAL DATA @ = £ '§ H '
.'@ . ﬁ S (qo ! Parameter [EEPC AW '
- 8- = | model(s :
a—p : ' ! —\+ Global-FL Al
o I%l | = | : : i f_| —> T (Y model (to
ok i . » - ¢$T _,’ % o answer CEPs) ﬁd'ﬂebwn
(-'- 8y \II LAY § o™ (°° d ' Institut de Recerca
EHR INFORMATION ~ CLINICAL DATA  LAB DATA ,( n]( I Vi g § & 0 '
3 o) | ! Validation + - ( (VT;]( ”' 0
3 g3 3 o D ESEEEEEETEEEEEEEEEE RRREREE remelli #»
= L S -
- ®
g 32 -
s . External unwerzitetn .
v : ' v"”.ﬂo" Khnidri v'r‘.»lnhﬂ lubljana !
Data Harmonization

(TRUSTroke Common Data Model) — - ‘
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THE FRAMEWORK PROGRAMME FOR RESEARCH AND INNOVATION

TRUSTroke Project Organization .

& FEe CEF
o E A5 S a 5 & & e
b & & L & qsdf G F o &
i lfuven  €atris & & F & EES S b@g &8
SAFE 7™ ¢ F FEF TS S
- Coy s\\ vall D'Hebron Hospital L L L L
’ \ Y Fondazione Policlinico Gemelli L L ] .
\ KU Leuven T L ®
o* Jozef Stefan ukcijubljana — *
Vall d'Hebron J . Institute EATRIS i L
Ingninui de Recercs
'i.vun “"f:i“?f' r CERN L i -
- d’HBI:Ian " ',mo Eurecat @ [ ] @
Josef Stefan Institute * @ @
~¢- Nora . .
x Naionaie dee Naora Healt ® . ' *
eurecar =~ stroke Alliance for Europe i ® a

Cairn “mcmoliipr du

Pelitecnico di Milano

NACA E:’.‘.‘,';."‘

PDI-ITECNICD Consiglio Nazionale delle Ricerche PR | .
Gemelli MILANG 1863

MNacar @

WP1 patient involvementand user centric approach

WP2, led by CERN, is devoted to the design and WP2 Federated Learning infrastructure

development of the FL infrastructure, the WP5

implementation and validation of the federated system WP3 Data management, trustworthiness and bias TRSUTroke platform

composed of different hospitals across Europe. ’ integration and patient
empowerement

WP4 Trustworthy Al models

VWPO Clinical Validation and Insights

WP4, 5, 7 and 8, CERN participation

Wp7 Regulatory Acceptability, Exploitation and Sustainability

WP8 Project Management, Quality Assurance, Communication, Dissemination, Open Science
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TRUSTroke WP2 Federated Infrastructure (hosted by CERN)

FL platform for secure, multicentric
and privacy preserving Al training

Local client infrastructure mmm——-- Federated Learning Network and Infrastructure EEE

ﬁ@/@

Consiglio Nazionale POLlTECN'CO 2 e _

trustroke delle Ricerche MILANO 1863 Vall d'Hebron g s & &> Physical Patient& gp
Institut de Recerca 8 x £ 9 Neurologist therapiest caregiver
VR E8—>7 2 @eo & ‘5‘{1

f=
23 ziGo & &
(@) s 33 @ Modular interface
Anomyized Medical 8 S L (Paa$ principles)

data node A

Leader: CERN 5 |  Networking , ] [&F
o m ‘s‘ 2 | A5 (client-server, FL adlgl?r;thms (global Al /& e
. o Y ) d tralized model(s), optimization, \
Participants: CNR and POLIMI £, &8 o) usted o design)
g‘_.:g:_) % é %) <:> i T TRUSTroke Platform
. . EI;E £ 39 !
@= ® S £ ! Parameter
Design, Develop and Deliver a secure g 22 . : cibal

! Global-FL Al

Chol.— o) model (to ’
J’@T___, %_) & [ answer CEPs) q-\'z;'d'Hebron

and robust FL platform hosted and

Ope rated by CERN G’eme”i ” :: '§ é E (¥4 /I\ ' Institut de Recerca
— I8 E S - X ! Validation + G - . AR
= 88 Z§ crots rrmeeeemeeeoeeoeeoo- boeeoeeq yemelli &
é §_> ;l % %}D — E acceptance l
— E|| ||3 v ® !
3 & 2@ s [

External | unlvlergtetm , s
i i klinicni ter ljubl
validation N ety i e e C,

M i
Data Harmonization
(TRUSTroke Common Data Model)
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TRUSTroke Project Planning .-

O1 CITIZENS

BETTER MANAGE
THEIR OWN HEALTH

DIRECT

*  OUTCOMES
trustroke

THE FRAMEWORK PROGRAMME FOR RESEARCH AND INNOVATION

" ORIFIN020

Proof of Concept platform for 02 HEALTHCARE
- & stroke management validated PROFESSIONALS
TRUSTstroke Project’s pathways towards the impact by +500 outpatients and their BETTER ASSESS RISK
Carogivess , & PROGRESSION
g LONGER-TERMIMPACTS
- L . ;
S TRUSTroke reduces 10-20%
Year 1 Year 2 Month 42 _ J_’ . ﬁokofm:l:onuz:smnce. & gll.llifgl;rMEs
Retrospective data for Locally trained Al models  Trustworthy ! : mmwﬁmm POC platform deployed and
—_— - ¢ atiorm an
6000 stroke patients FL Platform (R1)  TRUSTroke platform t\. - healthier habits ., validated in 4 stroke units in
- E yea rs hosp_de.ls at Spain, Itfaly*
Belgium and Slovenia
+40 early adopter hospitals LONGER-TERM IMPACTS
+30000 patients assisted TRUS'II:roI::j‘ rﬂuu:rﬁ 5-10%
210 ME cost savings 03 GUIDELINES FOR ]
End 9 USE OF A-TOOLS, TO e T
OPTIMISE ;
Ay DECEE e realiable risk scores.
- DIRECT
+21 :&;ﬂc;n;e hnsp:tali:dailnn e A study INDICBAg?rIEi FOR
. ospital readmissions generate evidence-based
+35‘;i: iraat I:It dh recommendations for the use ASSESSMENT OF
. 220/ reaiment agnerence of trustwothy risk predictors RISK PROGRESSION
L - or outcomes :
Month 18 Year 3 Clinical Proof of concept » poor O o EONCER TERMIMPACTS - DIRECT
_ Tk cost savings/ patient Reviead intemational " OUTCOMES
Common Data Model & Data FL Platform (R2) Study and adoption by 4 cinical guikeines for the wustroke _
management toolbox for Global Al models  European Hospitals management of patients Robust Al-based scoring
Harmonisation using the novel risk scores systems for 5 crucial CEPs in
Data fo determine Interventions. the management of stroke,

" Lower estimations based on prefiminary data gathered at VHIR, where no Al capabilities was included

with associated interventions

LONGER-TERMIMPACTS
Novel quantitative metrics in
clinical practise, after
regulatory approval and
exploitation of TRUSTroke

~ platform

P. Caliandro and L. Serio | TRUSTroke seminar 29/09/23

CERN i?

36



Table of Contents

Part 2 — P. CALIANDRO - Policlinico Gemelli
« Pathway/Standard of care in the acute phase (stroke code, reperfusion/treatments)

« Standard of care in the chronic phase (outcomes, follow-up, adherence to treatments,
recurrence

* Crucial Clinical End Points (CEPSs)
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Sistema
circolatorio

Topics to cover

ICTUS EMORRAGICO
Fuoriuscita del sangue
all'interno del cervello

Pathway/Standard of care in the acute
phase (stroke code,
reperfusion/treatments)

Standard of care in the chronic phase
(outcomes, follow-up, adherence to
treatments, recurrence)

CERN i?
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Acute Ischemic stroke

m e Emergency Department
v
Clinical Evaluation
Support of vital functions
Blood exams

Table 1 The proposed modified TICI score

Score Revised Thrombolysis in Cerebral Infarction Scale
¢ 0 No perfusion or anterograde flow beyond site of occlusion
Brain CT /a ngiO_CT | Penetration but not perfusion. Contrast penetration exists past the initial obstruction

but with minimal filling of the normal territory

S Perfusion CT :

Incomplete perfusion wherein the contrast passes the occlusion and opacifies the distal arterial

bed but rate of entry or clearance from the bed is slower or incomplete when compared
1 \> hemorrhage to non-involved territories
. 2A Some perfusion with distal branch filling of <50% of territory visualized
Ischemia : —— : S —
2B Substantial perfusion with distal branch filling of = 50% of territory visualized
2C Near complete perfusion except for slow flow in a few distal cortical vessels, or presence
of small distal cortical emboli
3 Complete perfusion with normal filling of all distal branches /
! 4 Fibrinolysis
|7 +/_
- .
Mecchanical Thrombectomy
TICl score
CERN . . .
\/-wl P. Caliandro and L. Serio | TRUSTroke seminar 29/09/23 39
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Acute Ischemic stroke

E +
B V" T A
Stroke Unit Ig-l
Emergency Department
¥
Support of vital functions Multiparametric Monitoring
Blood exams o
Stroke team evaluation ﬁ Therapies
! o %
CT cranio/angio-CT
_!_g'l Perfus{ongCT Prevent neurological and not
neurologicl complications
| hemorrhage =
Ischemia
Search for causes of stroke
- Brain MRI
. - Echocardiogram =
VY v - ECG Holter =
Fibrinolysis - _Blood Exams
71 T ) f»
Mecchanical Thrombectomy ] :
TIClI score >
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‘ Brain angio-CT

ER department ‘

Stroke team evaluation (NIHSS)

Fibrinolysis +/- Mecchanical Thrombectomy

No reperfusion

Intensive care Unit/Stroke Unit Discharge at home or

Rehabilitation department

No intensive department
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The NEW ENGLAND JOURNAL of MEDICINE

ORIGINAL ARTICLE

Randomized Assessment of Rapid
Endovascular Treatment of Ischemic Stroke

The NEW ENGLAND JOURNAL of MEDICINE

ORIGINAL ARTICLE

Endovascular Therapy for Ischemic Stroke
with Perfusion-Imaging Selection

@\ P. Caliandro and L. Serio | TRUSTroke seminar

7

CLASS (STRENGTH) OF RECOMMENDATION

Suggested phrases for writing recommendations:
= |s reasonable
= Can be useful/effective/beneficial
= Comparative-Effectiveness Phrasest:
o Treatment/strategy A is probably recommended/indicated in
preference to treatment B
o |tis reasonable to choose treatment A
over treatment B

CLASS b (WEAK) Benefit > Risk

CLASS 11I: No Benefit (MODERATE)

(Generally, LOE A ar B use only)

CLASS IIl: Harm (STRONG) Risk > Benefit

LEVEL (QUALITY) OF EVIDENCE}
LEVELA

LEVEL B-R (Randomized)

LEVEL B-NR (Nonrandomized)

)

COR and LOE are determined independently (any COR may be paired with any LOE).

A recommendation with LOE C does not imply that the recommendation is weak. Many
important clinical questions addressad in guidelines do not lend themselves to clinical
trials. Although RCTs are unavailable, there may be a very clear clinical consensus that
a particular test or therapy is useful or effective.

* The outcome or result of the intervention should be specified (an improved clinical
outcome o increased diagnostic accuracy of incremental prognostic information).

1 For comparative-effectiveness recommendations (COR | and lla; LOE A and 8 only),
studies that support the use of comparator verbs should involve direct comparisons
of the treatments or strategies being evaluated.

§ The method of assessing quality is evolving, including the application of standardized,
widely used, and preferably validated evidence grading tools; and for systematic reviews,
the incorporation of an Evidence Review Committee,

COR indicates Class of Recommendation; EO, expert opinion; LD, limited data; LOE, Level
of Evidence; NR, nonrandomized; R, randomized; and RCT, randomi ntrolled trial,
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Right hemiplegia and global aphasia
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Le innovazioni digitali all’interno dell’area oncologica:

Al & REAL WORLD DATA

sjuaned

Data elements
o T T @ (inical research
3% of patients
; 100% of features
- Clinical Registries : 5% missing

_ 100% of patients 285 data points
if | 3% of features i
| I 'f 20% missing
..... - 240 data points

Courtesy of A. Dekker — MAASTRO Clinic
N p. caliandroand L. Serio | TRUSTroke seminar 29/09/23
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Gemelli Al & REAL WORLD DATA

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn
nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

.................................................................................................
.............................................................................................

Clinical routine
100% of patients
100% of features

E—

80% missing
2000 data points

Courtesy of A. Dekker — MAASTRO Clinic
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The NEW ENGLAND JOUENAL af MEDICINE

The NEW ENGLAN D
JOURNAL o MEDICINE

ORIGINAL ARTICLE

ESTABLISHED IN 1812 JA:\' UARY 4| 2018 VOL. 378 NO. 1
Th IOI’HbEC'EDIIl}f for Stroke at 6 to 16 Hours Thrombectomy 6 to 24 Hours after Stroke with a Mismatch
with Selection by Perfusion Imaging between Deficit and Infarct
R.G. Nogueira, A.P. Jadhav, D.C. Haussen, A. Bonafe, R.F. Budzik, P. Bhuva, D.R. Yavagal, M. Ribo,
GW. Albers, M.P. Marks, 5. Kemp, 5. Christensen, J.P. Tsai, 5. Ortega-Gutierrez, R.A. Hanel, CA. Sila, A.E. Hassan, M Millan, E.I. Levy, P. Mitchel], M. Chen, J.D.
RA. McTaggart, M.T. Torbey, M. Kim-Tenser, T. Leslie-Mazwi, A. 5arraj, F 'F,ej: aF”E“a_N Elaxte,;.ﬂ;i' :Lmr o
5.E. Kasner, 5.A. Ansari, 5.0. Yeatts, 5. Hamilton, M. Mlynash, ].). Heit, M. Rubiera, A. Aghaebr \ ekle, R. Shields, T. Gra
G. Zaharchuk, 5. Kim, . Carrozzella, ¥.Y. Palesch, A.M. Demchuk, R. Bammer, 5. Jowin, for the DAWN Trial Inve
P.W. Lavori, J.P. Broderick, and M.G. Lansberg, for the DEFUSE 3 Investigators® Score on the Modified Rankin Scale

Oo O1 @z W3 W+« Soré

A Intention-to-Treat Population

Thrombectom
v | = R

Control
[N= 99! 415 16 34 36
T T T T T T T T T 1
] 10 20 £l 40 50 &0 70 g0 90 100
R ; Percent of Patients
Volume of Ischemic Core, 23 ml Volume of Perfusion Lesion, 128 ml B Subgroups According to Time of Stroke Onsat
Last Known to Be Well 6 to 12 Hr before Randomization
Scoroe on Modified Rankin Scale ThrDme;t_ﬂ;l:]}::' 14 77 0 & 30
Ocv O Oz @ W+ W: M- -
Endovascular Therapy Control I .
F|7 11 37 33
[N=9‘2:| 10 16 18 15 18 ] 14 [N= 4ﬁ:|
S _,."' ____..---"'-____---""' , _.a‘“i T T T T T T T T T 1
! = =T L= o ] 10 20 £l 40 50 &0 70 g0 90 100
Medical E:Tﬂ 8 |44 16 7 16 26 Last Known to Be Well =12 to 24 Hr before Randomization
T T T T T T T T T 1 Thrombectomy 5 73
0 10 20 0 40 50 &0 70 0 90 100 [N= 5?:|
Patients (35) ¥ prIieC T !
Control
[N= 53, 21 32 40
B2
T T T T T 1
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Percent of Patients
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A , _ A derivation cohort
[ machine learning modeils ]
o 0 SV THRIVE

o8 HIAT
HIAT2-

02 PRE

w— AUC » 0.86 £+ 0.05 — ALC » 086 £ 007 w— AC =086 2 0.00

B orevious scoring moded
B stancad statistical moded

[ achine learning

True Positive Rate

00
02 04 06 08 10 20 02 04 06 08 02 04 06 08 1.0 SFAN_
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,_
G

(=]
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o

>0
o

[—standard statistical modelji— previous socring models p—
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1.0
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L
x
H
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Predicting Clinical Outcomes of Large Vessel Occlusion . SVM

Before Mechanical Thrombectomy Using Machine Learning

True Postve Rate

Hidehisa Nishi, MD; Naoya Oishi, MD, PhD; Akira Ishii, MD, PhD; Isso Ono, MD; —_— AUC=078 1 0.08 — AUC=077£010 o — AUC =077 + 009 Dﬂﬂ I:I 25 U ED EITﬁ 1 m
Takenori Ogura, MD, PhD; Tadashi Sunohara, MD: Hideo Chihara, MD, PhD: 00 : 00 % 00
Ryu Fukumitsu, MD, PhD; Masakazu Okawa, MD, PhD; Norikazu Yamana, MD, PhD; 00 02 04 06 08 1000 02 04 06 08 10 00 02 04 06 08 10 auc
Hirotoshi Imamura, MD, PhD; Nobutake Sadamasa, MD, PhD: Taketo Hatano, MD, PhD; Faise Postive Rate Faise Positive Rate Faise Foslive flote B
Ichiro Nakahara, MD, PhD; Nobuyuki Sakai, MD, PhD; Susumu Miyamoto, MD, PhD validation cohort
[ previous socring models 1
P rwrive- [
g T
=
; rz. |
. . . o .
The derivation cohort included 387 LVO : 0 PRE- _
. . . r 02
patients, and the external validation cohort L o A — agsonzom [ — Axeonsion SPAN _
inCIUded 115 LVO patients %% 02 o4 o8 os 1@%0 02 o4 06 08 1o 0O 02 04 06 O8 10 -
P Faise Postive R False f R Fales Postive Rete
a0 tive Rate alse Positive Rate "ee Fosive
with anterior circulation who were treated with B - LR - :I
. " . b
mechanical thrombectomy. ol I o<vious scoring model = [T
£ I stancard statistical model
s
0.2 i § g 1 .
000 025 030 075 1.00
o4
o e | ave
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Functional outcome prediction in LVO strokes

Population Results
e Interpretable DL models significantly outperform stroke
L 1 » MCA neurologists when imaging data is provided
m .’/','Y A @ Prediction performance
e b T \

70
pora—

Stroke ,,;

Patients with MCA-M1 Hs I I
CLINICAL AND POPULATION SCIENCES R §
Deep Learning Versus Neurologists: Functional : mechanical
Outcome Prediction in LVO Stroke Patients thrombectomy = R Gl + R
Undergoing Mechanical Thrombectomy s rnam

Lisa Herzog®, Dr sc. nat,; Lucas Kook®, Dr. sc. nat; Janne Hamann®®, Dr med; Christoph Globas®, PD Dr med;
Mirjam R. Heldner®, Dr med; David Seiffge®, Dr med; Kateryna Antonenko®, PD Dr med; Tomas Dobrocky(®, Dr med;

Leonidas Panos®, Dr med; Johannes Kaesmacher®, PD Dr med; Urs Fischer®, Prof Dr med; Jan Gralla®, Dr med; Data MethOds

Marcel Arnold®, Dr med; Roland Wiest, Dr med; Andreas R. Luft®, Dr med; Beate Sick, Dr; Susanne Wegener®, Dr med

Interpretable DL model Stroke neurologists

(#- O v S3888

l Prediction of functional outcome '
using MRI and/or clinical data

Magnetic Tabular /‘} k ‘ ‘ M sy A
Resonance  clinical data EDSDIDIDIDID)

Collected data of 222 patients with middle cerebral
artery M1 segment occlusion
who received mechanical thrombectomy

Downloaded from http://ahajournals.org by on July 25, 2023 Images b Mt S e bededy Sew  Oud
o am
favorable [ unfavorabler i [
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- frontiers ORIGINAL RESEA.HCEH

in Neurology

Predicting Outcome of Endovascular
Treatment for Acute Ischemic Stroke:
Potential Value of Machine Learning
Algorithms

Hendrikus J. A. van Os ™, Lucas A. Ramos**, Adam Hilbert*, Matthijs van Leeuwen®,
Marianne A. A van Walderveen®, Nyika D. Kruyt’, Diederik W. J. Dippei®,

Ewout W. Steyerberg ™*, Irene C. van der Schaaf®, Hester F. Lingsma®,

Wouter J. Schonewille ©, Charles B. L. M. Majoie ", Silvia D. Olabarriaga®,

1,383 EVT patients included patients from the Multicenter
Randomized Clinical Trial of Endovascular Treatment for Acute
Ischemic Stroke in the Netherlands (MR CLEAN) Registry

TABLE 2 | Discrimination of machine learning algorithms and logistic regression models across the various prediction settings.

Models, AUC (95% CI)* Prediction setting (used variables: predicted outcome)

Baseline: post-mTICI

Baseline: mRS

All variables: mRS

Super learner 0.55 (0.54-0.56) 0.79 (0.79-0.80) 0.90 (0.90-0.91)
Random forests 0.55 (0.55-0.56) 0.79 (0.79-0.79) 0.91 (0.90-0.91)
Support vector machine 0.53 (0.53-0.54) 0.78 (0.77-0.78) 0.88 (0.88-0.89)
Neural network 0.53 (0.53-0.54) 0.77 (0.76-0.77) 0.88 (0.88-0.89)
LR: AUTOMATED SELECTION**

Random forests 0.55 (0.55-0.56) 0.78 (0.78-0.78) 0.90 (0.90-0.90)
LASSO NA¥ 0.78 (0.78-0.79) 0.90 (0.89-0.90)
Elastic net NAY¥ 0.77 (0.77-0.78) 0.89 (0.88-0.89)
Backward elimination 0.57 (0.57-0.58) 0.78 (0.77-0.78) 0.90 (0.89-0.90)
LR: prior knowledge* 0.55 (0.55-0.58) 0.78 (0.78-0.79) 0.90 (0.90-0.90)

*Model discrimination is assessed by calculating mean Area Under the Curve (AUC) of the receiver operating characteristic across all outer cross-validation folds.

** ogistic regression using automated variable selection methods.
*¥ Variable selection not possible, likely due to insufficient signal-to-noise ratio.
*1 ogistic regression using variables based on prior knowledge.

Characteristics All patients (n = 1,383)
Mean age + SD (years) 69.8 + 14.4
Men, n (%) 738 (53.5)
NIHSS score, median (IQR)* 16 (11-20)
Mean systolic blood pressure + SD (mm Hg) 150 +£ 25
MEDICAL HISTORY, N (%)

Atrial fibrillation 411 (30.7)
Hypertension 697 (51.1)
Diabetes mellitus 235(17.1)
Myocardial infarction 216 (15.9)
Peripheral artery disease 127 (9.4)
Ischaemic stroke 227 (16.5)
Hypercholesterolemnia 411 (29.7)
Pre-stroke mRS = 2, n (%) 158 (11.6)
Smoking, n (%) 314 (22.9)
MEDICATION USE, N (%)

DOAC™ 35(2.6)
Coumarine 179 (13.0)
Antiplatelet 461 (33.7)
Heparin 52 (3.8)
Blood pressure medication 707 (52.1)
Statin 490 (36.2)
Intravenous alteplase treatment, n (%) 1,054 (76.2)
ASPECTS, median (IQR) 9 (7-10)
Time from stroke onsat to groin in minutes, median (10R) 210 (160-270)
Collateral score = 2 764 (55)

@ P. Caliandro and L. Serio | TRUSTroke seminar
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Negligible difference of mean AUC (0.01; 95%CIl: 0.00—-0.01) between best
performing machine learning algorithm (Random Forests) and best performing

logistic regression model
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Prediction of mRS score at 90 days

Meuroradiclogy/Head and Meck Imaging » Original Research

Use of Gradient Boosting Machine
Learning to Predict Patient Outcome

A total of 512 patients were enrolled in this retrospective study

-

A

y

FOCUS

Clinical Information

in Acute Ischemic Stroke on the
AJR Basis of Imaging, Demographic, and

TABLE I: All Features and Selected Features at Two Treatment Time Points
for Extreme Gradient Boosting (XGB) and Gradient Boosting

Machine (GBM) Models
Time Point
Features Used in XGB
and GBM Models At Admission At 24 Hours
All features Sex Sex
Age Age
Total ASPECTS Total ASPECTS
Specific ASPECTS? Specific ASPECTS?
Collaterals status Collaterals status 5 "?oﬁodc Sum: 316439
or. )
HMCAS present HMCAS present cm
Infarct volume on perfusion CT Infarct volume on perfusion CT
Penumbra volume on perfusion CT Penumbra volume on perfusion CT
. . Fig. 1—Feature extraction based onimaging
A Sisle ot wirokn biomarkers from unenhanced CT, perfusion CT, and
Occluded vessels Occluded vessels CT angiography (CTA) of 58-year-old man.
. . A, Onunenhanced CT image, right hyperdense
Baseline TIMi score Baseline TIMI score middle cerebral artery sign (arrow) can be clearly
NASCET degree of stenosis on leftside | NASCET degree of stenosis on left side ?:232%133? A|b9(;18 stroke program early CT score
was 6.
NASCET degree of stenosis on right side | NASCET degree of stenosis on right side B. On unenhanced CTimage, ASPECTS is 6. Arrow
NIHSS score at baseline NIHSS score at baseline shows right hyperdense middle cerebral artery
sign. Outlined area shows manually depicted area
NIHSS score at 24 hours® of iqfarction by axper.ienced radiologist. Min =
Selected features® | NIHSS score at baseline NIHSS score at 24 hours minimum, Max = A, : :
C, Perfusion CT image shows large-area infarction
HMCAS present ASPECTS of M5 inmiddie cerebral artery territory. Red area shows
i . infarct core, and green area shows infarct penumbra.
NASCET degree of stenosis on left side | Age Greanlinais symmatry ax_is YTy
Age NASCET degree of stenosis on left side D and E, On CTA images, right M1 and M2 are
luded, with thr lysis in myocardial infarct
ASPECTS of M3 branch of MCA HMCAS present score 0 (D) and collateral score of 1 (E).
ASPECTS of caudate
Baseline TIMI score

7
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Meuroradiclogy/Head and Meck Imaging » Original Research

Use of Gradient Boosting Machine
Learning to Predict Patient Outcome
in Acute Ischemic Stroke on the

Prediction of mRS score at 90 days

Yk AR

Clinical Information

Basis of Imaging, Demographic, and

ol 9 a2 2 0 2 1 50 0 0 50
TABLE 2: Binomial Prediction Results With All Available Features at 24 Hours and 23 Features at Admission & -
=S 4 el 3 1 0
AUC g 0 g %
8, 7 7 s 8, 0
Features mRS Score>0 | mRS Score>1 mRS Score>2 | mRS Score>3 | mRSScore>4 | mRS Score>5 ® 2% ® ”
g3 13 9 £s 0
24 Features § '§
XGB 0.821 0.812 0.873 0.840 0.840 0.867 % 4 17 10 20 % 4 o 20
GBM 0.798 0.787 0.849 0.825 0.781 0.831 E s]o a4 3 1 2 6 5 5 0
& 10 = 10
23 Features (without 24-hour NIHSS score)
e| 0 BGNGH 3 6 8
XGB 0.778 0.713 0.746 0.770 0.759 0.774 0 0
. 9 & 8 & B @6 0 1 2 3 4 5 6
GBM 0.757 0.681 0.748 0.762 0.735 0.758 90 Day mngas':ore Prledlcm by 90 Day mRXsGsBo:ﬂr:dP?dlcm by
Note—mRS = modified Rankin scale, XGB - extreme gradient boosting, GBM = gradient boosting machine, NIHSS = National Institutes of Health Stroke Scale. A =
1.0 1.0
0.8 0.8
£0.6 206
= =
= -
[T W
E 0.4 E 0.4
o 0. XGB model at U del h
. o XGB model at 24
02 f admission mRS > 2 02 - RS > 2
: —— All patients, AUC =0.772 : m
MNonrecanalized patients, AUC =0.807 T
0 — Recanalized patients, AUC = 0.670 0 - — All patients, AUC = 0.884
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
1 — Specificity 1 — Specificity
CERN . . . A B
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Prediction of mRS score at 90 days

Preadmission data, and inpatient elements including clinical care during
hospitalization in-hospital complications, stroke risk factors, laboratory
results of blood tests, electrocardiography, computed tomography (CT) and
magnetic resonance imaging (MRI) finding, 30 days follow-up data.

Computer Methods and Programs in Biomedicine 190 (2020) 105381

Contents lists available at ScienceDirect

Computer Methods and Programs in Biomedicine

journal homepage: www.elsevier.com/ocate/cmpb

Evaluation of machine learning methods to stroke outcome prediction

Ischemic stroke

Hemorrhagic stroke

using a nationwide disease registry G 0day mits 10 Sodaymis v
Toilet use 10
Toilet 10
Mobility 10
Mohility 10 Foading -
Dressing 10 Bathing 10
Processed Taiwan Stroke Registry Dischargs mRS 1
(N=58,493) Grooming 10
Excluded: Dressing i
1. Died before discharge (N=34) Discharge mRS 10 90 -90
< 2. Has no follow-up information (N=7,486) st i
3. Other stroke (N=138) .
Y 4. Has illogical assessments (N=10,542) athing i Ve Grooming 10 Se|eCted featu res.:
Stroke cases Transtors 0
(N=40,293) Transh 10
60 Bowel control 8 60 . .
w1 B - Discharge NIHSS assessment items
Discharge NIHSS 6Gal T
! v it “ e« B - discharge Barthel index
Ischemic stroke Hemorrhagic stroke
(N=35,798) (N=4|g495) Blacder contel ? gg  emetorome _ 30 - t h e 3 O_d ay m RS d eg ree
Discharge NIHSS Sal 9
Feeding 10
¢—‘—¢ ¢ l ¢ 15 Nasogastric tube 4 15
90-day 90-day 90-day 90-day pemesontrss fat ’
mRS <2 mRS 23 mRS £2 mRS 23 Discharge NIHSS 5al . Bicage NHSS 1 5
(N=24,751) (N=11,047) (N=2,587) (N=1,908) i

Fig. 1. Flowchart of patient recruitment. mRS indicates modified Rankin Scale.

Discharge NIHSS BaL

Discharge NIHSS 5bR

Cw
\
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Discharge to Home

Discharge NIHSS 50R

Discharge NIHSS 8bR

NIHS_6bR_in

Discharge NIHSS 10
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Computer Methods and Programs in Biomedicine 190 (2020) 105381

Prediction of mRS score at 90 days

Contents lists available at ScienceDirect

Computer Methods and Programs in Biomedicine

journal homepage: www.elsevier.com/locate/cmpb

Evaluation of machine learning methods to stroke outcome prediction
using a nationwide disease registry

Table 2

The 10-time holdout testing result of machine learning models on 90-day stroke outcome prediction.

Ischemic stroke (Mean + SD)%

Hemorrhagic stroke (Mean + SD)%

Precision Recall f1-score Precision Recall f1-score
Clinical feature set (n = 203) ANN 865+02 892+03 876+06 879+09 B883+10 83.0+09
RF 86.6+02 898+02 878+02 877+07 884+08 879+08
HANN 862 +02 894+02 877+02 879+07 882+07 88107
SVM 86.7+02 894+02 878+02 8/0+08 874+08 871+08
Whole feature set (n = 206) ANN 89.2+06 919+02 903+05 886%+10 891+£09 888L09
RF 941+01 939+£01 924+01 912406 920+£06 914+06
HANN 915+05 939+03 926+04 890+07 895+06 892+07
SVM 91.9+02 942+01 929+01 902+07 909+06 902+08
Selected feature set (n = 17/22)  ANN 90.0+07 928+04 91.1+06 881+12 885+12 882+1.2
RF 913+03 934+£03 922+03 916+04 924+05 91704
HANN 918+03 941+01 928+02 901+04 907+06 901+04
SVM 91.9+02 942+01 929+01 916+03 924+03 917+03

SVM: support vector machine, RF: random forest, ANN: artificial neural network, HANN: hybrid artificial neural network.
clinical feature set; preadmission and inpatient data, whole feature set: preadmission, inpatient and follow-up data, selected feature

set: feature selection on whole feature set.

Excluded:

1. Died before discharge (N=34)

2. Has no follow-up information (N=7,486)
3. Other stroke (N=138)

4. Has illogical assessments (N=10,542)
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Random Forest on Ischemic Stroke

— —
4"
-
-
-
-
-
-
.-
-
""
4”‘
e
-
-

— ~— Clinical feature set (AUC = 0.954 % 0.001)

= Whole feature set (AUC = 0.972 % 0.001)
—— Selected feature set (AUC = 0.964 = 0.001)

0.2 0.4 0.6 0.8 10

SVM on Ischemic Stroke

—— Clinical feature set (AUC = 0.954 = 0.001)
Whole feature set (AUC = 0.971 + 0.001)
Selected feature set (AUC = 0.969 + 0.001)

0.4 0.6 0.8 1.0

ANN on Ischemic Stroke

—— Clinical feature set (AUC = 0.953 % 0.001)
Whole feature set (AUC = 0.969 + 0.001)
Selected feature set (AUC = 0.969 + 0.001)

0.4 0.6 0.8 1.0

HANN on Ischemic Stroke

—— Clinical feature set (AUC = 0.954 + 0.001)
Whole feature set (AUC = 0.974 + 0.000)
Selected feature set (AUC = 0.971 % 0.001)

0.2 0.4 0.6

"29/09/23

Random Forest on Hemorrhagic Stroke

1.0

0.8

0.6

0.4

0.2

0.0

—— Clinical feature set (AUC = 0.952 + 0.004)
Whole feature set (AUC = 0.968 = 0.003)
—— Selected feature set (AUC = 0.967 + 0.003)

0.2 0.4 0.6 0.8 10

SVM on Hemorrhagic Stroke

0.8

0.6

0.4

0.2

0.0

—— Clinical feature set (AUC = 0.946 + 0.005)
Whole feature set (AUC = 0.970 =+ 0.003)
Selected feature set (AUC = 0.973 + 0.002)

0.4 0.6 0.8 1.0

ANN on Hemorrhagic Stroke

0.8

0.64

0.4 4

0.2

0.0

~—— Clinical feature set (AUC = 0.951 * 0.004)
Whole feature set (AUC = 0.958 + 0.003)
Selected feature set (AUC = 0.956 + 0.005)

0.2 0.4 0.6 0.8 10

HANN on Hemorrhagic Stroke

0.8

0.6

0.4

0.2

0.0

- —— Clinical feature set (AUC = 0.950 + 0.004)
Whole feature set (AUC = 0.961 + 0.002)
Selected feature set (AUC = 0.968 £ 0.002)

0.2 0.4 0.6 0.8 1.0
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Prediction of mRS score at 90 days

Machine Learning—Based Model for Prediction of
Outcomes in Acute Stroke

JoonNyung Heo, MD*; Jihoon G. Yoon, MD*; Hyungjong Park, MD; Young Dae Kim, MD, PhD;
Hyo Suk Nam, MD, PhD; Ji Hoe Heo, MD, PhD

This was a retrospective study using a prospective cohort that enrolled

patients with acute ischemic stroke.

Favorable outcome was defined as modified Rankin Scale score 0, 1, or 2

(Stroke. 2019;50:1263-1265. DOI: 10.1161/STROKEAHA.118.024293.) at 3 months.
Ischemic stroke patients admitted
Supplemental Table I. List of collected variables. Numbered vanables were used as input for (n =3,522) 1.0
model design.
Patient demographics 26. Atrial fibrillation Missing data
I:I"l =gﬁ?j
1. Age (years) 27. Myocardial infarction 0.8 —
2. Sex 28. Chronic heart failure Pre-stroke mRS = 2
» (n = 60)
3. Smoking status * 29, Cancer
Clinical variables 30. Previous stroke Unavailable mRS z 06
—» (n = 453) £
4. Time from onset to admission (hours) Medication history @
©
5-17. Individual NIHSS scores ** 31. Statin **** > Patients underwent thrombolysis w ]
(n=318) 04
18. TOAST classification 32. Anfiplatelet *¥+**
h
19. Systolic blood pressure (mmHg) *** 33. Anticoagulation ****** J—
’ pressure = Patients included 02 — MRS<=2
20. Diastolic blood pressure {mmHg) *** Laboratory values in=2604) '
Previous diseases 34. Hemoglobin (mg/dL)
21. Pre-stroke mRS 35. White blood cell count {10°/uL) 0.0 I
' I | I I I
22 Hypertension 36. Platelet count (10°/ul) 1.0 0.8 0.6 0.4 0.2 0.0
23. Diabetes 37. Prothrombin time (INR) Favorable outcome FPoor outcome Specificity
: : (n=2,043) (n =561) - .
24 Hypercholesterolemia 38 Glucose level (mg/dL) B DNN @ Random Forest " Logistic Regression [ ASTRAL
25 Metabolic syndrome 3-month mRS _ . i ' ! L -
Figure 1. Flow chart illustrating patient selection. mRS indicates modified
Rankin Scala.
Cw . : .
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Most studies have used retrospective data with small sample sizes.

There is a clear need for larger and especially prospective

evaluations building on the successful proof-of-concept reports

CE?W
\
N7
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Some concerns

It is not yet known how well Al can perform in the health care setting
The use of Al systems in hospitals may raise new ethical and legal questions

Physicians may face liability issues when she or he follows the Al’s
recommendations

How integrate Al in International Guidelines?

<C\§W§\ P. Caliandro and L. Serio | TRUSTroke seminar 29/09/23 >7
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If integrated into the workflow of physicians, Al can enable physicians
to identify medical treatments tailored to each patient

Health
Record

Learning /_~

Trua Posiive Rale

[2qE] ana |,

Predicted label

\ Input data | \ losinsg >>\v°|idution \\ :

<C;ERN§§% P. Caliandro and L. Serio | TRUSTroke seminar

» Health records « SVM AUC Decision support
+ Cranial CT/MRI/MRA « RF + Sensitivity Risk prediction
» Cardiac examination +  XGBoost Specificity « Stroke recurrence
» Genomics - GBDT PPV * mRS
* Proteomics « CNN NPV * Quantification
*» Metabolomics « RNN e . measures
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Decision Support System (DSS)
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Horizon Europe (HORIZON) trustroke

Call: HORIZON-HLTH-2022-STAYHLTH-01-two-stage

Projct: 101080564 — TRUS Troke TRUSTWORTHY Al FOR IMPROVEMENT OF STROKE OUTCOMES
TRUSTROKE

b UZ
I fuven  €Atris
S A FE 77\
N g TESTING & OPTIMISATION
Existing Al models*
9® Jozef Stefa
% Z NEEDS OF PATIENTS ™ MODELS
mﬂi".’:" . y Institute AND HEALTHCARE TRUSTWORTHY Al TRAINING,
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'4 d’Hebron center |7 z Clinical Data OPTIMISATION
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NACAR 35 c / = POLITECNICO PROMs / PREMs
(Jemel | | ﬁ MILANO 1863 *Based on existing research and publications by the consortium

EARLY VALIDATION
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- PATHWAY

PROOF OF CONCEPT
CLINICAL STUDY
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Crucial Clinical End Points (CEPs)

CEP1: What is the individualised prediction of clinical response to acute reperfusion
treatment (fibrinolysis / mechanical thrombectomy) and stroke severity at discharge as
measured with NIHSS score?

CEP2: What is the probability of early supported discharge (1 week after the event)?

CEP3: What is the probability of poor mobility, incomplete recovery and unfavourable long-
term outcomes (in terms of the mRankin Scale, PROMs, PREMs)? When will the patient be
able to go back to work?

CEP4: What is the probability of unplanned hospital readmission (at 30 days)?

CEP5: What is the personalised risk of stroke recurrence (at 3 and 12 months? What are the
evidence-based actions the patient can do to reduce her/his risk of stroke recurrence?

(C\E/'m\ P. Caliandro and L. Serio | TRUSTroke seminar 29/09/23 61
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ER department

—

Stroke team evaluation (NIHSS)

reperfusion, NIHSS at discharge

CEP1: prediction of response to _ l

CEP1: NIHSS at discharge

CEP2: early supported
discharge (1 week after

the event)?

Fibrinolysis +/- Mecchanical Thrombectomy

No reperfusion

Intensive care Unit/Stroke Unit

No intensive department

Brain angio-CT

CEPS5: stroke recurrence
(at 3 and 12 months)

CEP4: hospital readmission
(at 30 days)?

CEP3: probability of poor
long-term outcomes

1

Discharge at home or
Rehabilitation department
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https://g.co/kgs/5EMnMF
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