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Current State of Modern Al (for us)

/1) perplexity
¥ Gemini

Large Language Models
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Current State of Modern Al (for us) DON’T DO THIS!

I lt it -
perp eXI y Anyone else use ChatGPT like a psychologist?

Chatgpt is like a mirror rather than an actual therapist. Most of the time it te what you WANT
to hear rather than what you NEED to hear .

¥ Gemini

Large Language Models

Reddit - r/changemyview

Using ChatGPT as a friend/therapist is incredibly dangerous

Using ChatGPT for therapy can help people with no other support system and in my opinion that is
a very dangerous route to go down. Read more

DON’T DO THIS!

Unpopular Opmlon ChatGPT is a good “therapist"

ChatGPT helps me organize my thoughts, take different perspectives on ideas and is even able to
n vith you.

Ready when you are.

+ Generate me a master thesis on Reinforcement Learning, make no mistakes
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Current State of Modern Al (for us) Multimodal Al

[Eﬁl perplexity w)
4 Gemini® ©
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Current State of Modern Al (for us) Multimodal Al

/1) perplexity w) (@
¥ Gemini *® \C\

Image Generation

Audio Generation

Master Chief teaches you how to change the oil on your 2006 nissan murano
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Current State of Modern Al (for us)

Video Generation



Current State of Modern Al (for the industry)

Collaborative Filtering

watched by both users

watched
by her

/r'ecommended

to him

Predictive Analysis &
Forecasting

Recommendation Systems Route Optimization
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Current State of Modern Al (in healthcare)

Mostly Theoretical
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Why Al lags behind in the medical sector

Delay-adjusted rate per 100,000 persons

<1 14 59 10-14 15-19 20-24 25-29 30-34 35-39 40-44 45-49 50-54 55-59 60-64 65-69 70-74 75-79 80-84 85+

Age at Diagnosis

Incidence rates by age at diagnosis, all cancer types. Source: SEER 21 2013—-2017, all races, both sexes.
Credit: National Cancer Institute

Data Imbalance (non-1ID condition)

Causal Federated Learning for Neuroimaging 12




Why Al lags behind in the medical sector
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Why Al lags behind in the medical sector

Lack of Data + Biased Data

Causal Federated Learning for Neuroimaging 14




Why Al lags behind in the medical sector

Complexity of Data
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We propose a solution!

Community
Hospital

»

Private Data 0? i;
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Private Data By ‘ l
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Data- Protection Compliance 25 May 2018 Data Breaches Personal Data
Officer (DPO)
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Can’t we just make exceptions to the rule?

Who should access my private data?

Everyone Nobody

20
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Can’t we just make exceptions to the rule?

Who should access my private data?

Everyone Healthcare Nobody
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Can’t we just make exceptions to the rule?

SIGNTECH 2
@ AstraZeneca

moderna  fehwonsfohwon VWA valneva

Novavaxae SANOF| g @

Who should access my private data? What about them?

Everyone Healthcare Nobody

22
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Can’t we just make exceptions to the rule?

They have no agenda, right?

Everyone Healthcare Hospitals

‘ Causal Federated Learning for Neuroimaging
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Can’t we just make exceptions to the rule?

¥

Public State ntior
Sector, e.9. Gowvt., e.g. Local Non-
Ntec, | | Centeal LNp | | sor il | Il profit
SAIL, Coal o Oriented
India N
v ! i
um Under Reg istered) (Trust Act, )
Under || paitway Minstry lxnn::ry Private roner |l 28- Heomorate
Minlstry nistty egis harital
of Health Hospital 9. ESI Dolonso gf Home,| | Hospital Hospital tion Hospital Hospital
Hospital | (e.g. Army] (&-9: BSF 1Mt

They have no agenda, right? Wrong!

Everyone Healthcare Hospitals Nobody

24
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Can’t we just make exceptions to the rule?

[ Hospitals ‘
[ Government ] [ Non-government ]
fse;ub“c o T T KStato\ (i ™ e ; ) :L\
or, €.9. Gowvt.,, e.g. Local Non-
NTPC, || Sontal | | LNgp. T | ol | e profit
SAIL, Coal “ | | Hospial Govt. | [~ Oden Oriented
India Dethi
S Y 7 & y & P

) (e (e () (R O\ frseR ) )

'l Umef n&f
Under || paitway | | k2P0 || Ministry 1| ety | | Private | [Corporate Ru iStra- ®9.  liCorporate
Hospital Ministry, = of Home,| | Hospital| | Hospital 9 Chanable Hospital
of Health| e.g. ESI || Defense, | | g. BSF tion Hospital

e Act,
) () \ &) ) () \ i) () \Eieep') \ O )
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Can’t we just make exceptions to the rule?

Who should access my private data?

Non-Profit

Everyone Healthcare Hospitals Hospitals

Nobody

26
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Can’t we just make exceptions to the rule?

What is the
legal definition
of Non-Profit

Hospitals?

Who should access my private data?

Non-Profit
Everyone Healthcare Hospitals Hospitals

27
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Can’t we just make exceptions to the rule?

Better safe than sorry!

Non-Profit

Everyone Healthcare Hospitals Hospitals

Nobody*

*: exceptions can be made upon request

‘ Causal Federated Learning for Neuroimaging
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Can’t we just make exceptions to the rule?

Jagquar Group Public

DATA SUBJECT CONSENT FORM

|, [data subject name] am hereby consenting that [Company Name] can pracess my personal data for
the purpose of [specify the processing activity for which consent is being given — example { Personal
Data Sharing with third party, direct marketing, image processing etc ].

I'am aware and | was informed that | may withdraw my consent at any time by using the “DATA
SUBJECT CONSENT WITHDRAWAL FORM,” either by sending it via email at dpo@jaquar.com or by
post at following Jaquar Offices marked to DPO

Company Name Address
JAQUAR UK LIMITED Surrey House, 36-44 High Stroat Rachill, Surray, RH1
1RH Uniled Kingdom
JAQUAR EUROPE SRL VIA E.DE AMICIS NO. 53 Mian Htaly
JAQUAR EUROPE SRL. (BRANCH OF .
ot Ul Sienna 82, 00-815 Warsaw, Poland
Piot No.3, Sector - 11,MT Manesar, Gurgaon National
Jequar Group, Headquarters Capital Region — 122050 India

Signed by [data subject name]:

Signature: Date:

Better safe than sorry!

Non-Profit
Everyone Healthcare Hospitals Hospitals Nobody*

*: exceptions can be made upon request

29
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Can’t we just make exceptions to the rule?

Jagquar Group Public

DATA SUBJECT CONSENT FORM

|, [data subject name] am hereby consenting that [Company Name] can pracess my personal data for
‘the purpose of [specify the processing activity for which consent is being given — example { Personal
Data Sharing with third party, direct marketing, image processing etc ].

I'am aware and | was informed that | may withdraw my consent at any time by using the “DATA
SUBJECT CONSENT WITHDRAWAL FORM,” either by sending it via email at dpo@jaquar.com or by
post at following Jaquar Offices marked to DPO

Company Name Address
JAQUAR UK LIMITED Surrey House, 3644 High Street Radhill, Surey, RH1
1RH United Kingdom
JAQUAR EUROPE SRL VIA E.DE AMIGIS NO_53 Milan taly
JAQUAR EUROPE S.R L. (BRANCH OF .
TEALY OFFICE) Ul Sienna 82, 00-815 Warsaw, Potand
Plot No.3, Sector - 11,IMT Manesar, Gurgaon National
Jaquar Group, Headquarters Capital Region — 122050 India

Signed by [data subject name]:

Signature: Date:

Better safe than sorry!

Non-Profit
Everyone Healthcare Hospitals Hospitals Nobody*

*: exceptions can be made upon request

30
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Back to the drawing board

PID Name
10000 Adena

10001 Buffy
10002 Kaye

10003 Keiko
10004 Kylynn
10005 Daquan

10008 Rebekah

10007 Zane
1NN0R .lennifar

Surname

Reeves

Warner

Green

Gonzalez
Carver
Sosa

Navarro

Benson
Pattu

Gender DoB Country StreetAddress
F 1962-08-28 Montenegro P.O. Box 936, 9290 Aptent
Ave
M 2008-05-25 Guinea-Bissau P.O. Box 624, 5536 Nunc St.
F 1994-07-23 Norway S.O. Box 650, 1264 Telus.
t.
M 1973-12-27 Iraq 1889 Magna. Street
F 1974-01-22 Tanzania Ap #357-247 Per Rd.
F 1961-12-28 Holy See (Vatican City Ap #727-5534 Mauris,
State) Avenue
F 1974-02-01 Saudi Arabia P.Q. Box 688, 3686 Dui.
Avenue
2002-10-19 Mauritania Ap #852-3480 Ornare Ave
F 19R5-NR-31  Isla of Man RQR-243A Sit RA

Causal Federated Learning for Neuroimaging

City
Morkhoven

Graz
Bojane

Chelsea
Oberhausen

Eberswalde-
Finow
Wolvertem

Dufftown

Rathirst

Postal

71344

68114-
188

T04
3wo

53534
S6S0ER

2976

1137
71812
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Back to the drawing board
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10005 Daquan

10008 Rebekah

10007 Zane
1NN0R .lennifar

Surname

Reeves

Warner

Green

Gonzalez
Carver
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Navarro

Benson
Patty

Gender DoB
F 1962-08-28
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F 1994-07-23
M 1973-12-27
F 1974-01-22
1961-12-28
F 1974-02-01
M 2002-10-19
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Country
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Iragq
Tanzania
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Ap #727-5534 Mauris,
Avenue

P.Q. Box 688, 3686 Dui
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Ap #852-3480 Ornare Ave
RQR-243A Sit RA

Input
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Federated Learning

Community
q \éﬁ Hospital
- -' \L )
» Privacy P
Preserving Local Model

‘J l‘ Private Data iﬁf i i i i I

Research
Federated Server 0 Medical Center S p
| 2K %
- > Prlvac_y < |‘. 'l'
< Preserving Local Model ", ' ‘I’

i Iy ’l'
Global Model m Private Data ™ /
n

Cancer
0 Treatment Center e
.‘ "
' N ""
' W

Pri . B ’
rivacy N N [

v

Preserving Local Model h % ’
g’
. Wy o’
| Private Data =~ " f
| | W
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Federated Learning: Origins

Google

[ |
o | love you ? /ﬂ “}'

>  somuch too and 4 AR\
1 2 3 4 2 6 7 . 8 9 0
q w e r t y u 1 o p

a s df gh j k |

H$ z x ¢ vbnm@E
27123 ° @& English _ @
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Upsides

vV v v v v Y

Increase available data for model training
Privacy preservation of original data

Data diversity & representation

Allows collaboration between institutions

Scalability

Regulatory & ethical alignment

THROUGHPUT

More Data + Bigger Models

Accuracy A 1990s

neural networks

I
I
I
I
I
I
I
I
A

.
g

Scale (data size, model size)

- hitps:/iww.scribd.com/document35575279% Jeft- Dean-s-Lecture for-YC-Al
LEANSZCAL
Scale out o
Horizontal Scalability @
> X% X
> : p> '

Causal Federated Learning for Neuroimaging

40



Roadmap

Current State of Modern Al

Why Al lags behind in the medical sector

Federated Learning: A New-Age Approach to Privacy
Open Challenges of Federated Learning

The Achilles heel of Machine Learning

Introducing Causality

Open Challenges of Causality

vV v vV v v vV VY

The Intersection of Federated Learning & Causality

‘ Causal Federated Learning for Neuroimaging 41



Model Security

Model Poisoning |

9|

Local model
training process

9|

Local model
training process

Data Poisoning

9|

Poisoned model parameter

w'=w+aggregate(Aw + -+ Aw,)

Local data
collection

Wy

i- Central server

Local data
collection

e e s e e n b ———————
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Model Security

Wanis Wanis Has Has
information information | access ACCESS
About about to o Adversary
Y
Training
setD
A
Owns Creates Uses

Data Owner Model Owner Model Consumer
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Model Security

PARTICIPANT 1

. @ mopEL

"~ \_UPDATE
GLOBAL .

UPDATE

PARTICIPANT N

PARTICIPANT 2

PARTICIPANT 3
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Model Security

il CENTRALIZED
r FEDERATED LEARNING

PARTICIPANT 1 PARTICIPANT 2

S%E | |G
O
GLOBAL

UPDATE

HOW MAN-IN-THE-MIDDLE ATTACK WORKS

| < > = Lhe

=
e \ / WEB APPLICATION
J—JJL‘ I _.:!— ar—}

MAN IN THE MIDDLE

- :
=3 :
g 5
BOTMASTER :
M e —
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Model Security

| LecenD |
TRAINER AGGREGATOR NEXT AGGREGATOR O CENTRAL $ LRCAL MOPE- @ LOBALPATASET
PARTICIPANT PARTICIPANT PARTICIPANT SERVER AGGREGATION ALGORITHM
i DECENTRALIZED P | SEMI-DECENTRALIZED B | CENTRALIZED B
FEDERATED LEARNING FEDERATED LEARNING FEDERATED LEARNING
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— .‘(‘.n .("& IERDERB PARTICIPANT 1 PARTICIPANT 2
@ D 4 ,{"0)9 g@ »{‘7)9 TRANSFER
' ‘ g° =i
PARAMETERS () (@) PARAMETERS (2)(@)
EXCHANGE EXCHANGE
PARTICIPANT N PARTICIPANT 2 PARTICIPANT N PARTICIPANT 2
UPDATE

s ¥ S & S Ko
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e e s e e e By o e e et £ 5

' ¥
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———————————————
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|

|

|

| N
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| .

|

|

|

|

|

|

|

PARTICIPANT 4 PARTICIPANT 3 PARTICIPANT 4 PARTICIPANT 3 g’ $ g $
2P N,
_______________ lNwee -  — —  lthte-_—_ 1
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Computation Overhead

Forward Propagation

h Iterative process until
loss function is
» minimized

Predictions (y') True Values (y)

z: f

R \Weight :
Weights W < Loss Score Loss Function

—

Backward Propagation
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Communication Overhead
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Computation Overhead

Download
@ aggregated

g *+ global model

I
!

: :
' '
@
|+ Upload local

' ,model updates
!

GM: Global model
LM: Local model
LD: Local data
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Heterogeneity
client update

client 1 0 ]
: .
: server update
I
f SGD update
server, _ _
; T client drift
| *
: b B true opt.
E x5 .
2 I client opt.

Y2 ient 2
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Heterogeneity

* |
Bz ! local gradient
T correction

m T client update
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Fairness

FairFed: group fairness aware aggregation

K ¥
/o 0‘:%2-.0{.9{. \q

" —

model accuracy is unfair | ' group fairness aware

|
| to underrepresented group | | accuracy is achieved
! | - !

clients in federated learning have private data from  diverse groups (race, sex, etc.) central server (aggregation)
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Fairness

SIONT=CH }
@ | AstraZeneca

moderna  fehwonfohmon W valneva

Novavaxas SANOFI \J @

Millions of datapoints Hundred thousands of datapoints

hikma.
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You’re not

Fairness 535 invited to the
Federation
- i

SIONT=CH
AstraZeneca

moderna  fohwonfolmon YR valneva

Novavaxas SANOFI 7

Millions of datapoints

Causal Federated Learning for Neuroimaging

Hundred thousands of datapoints
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Incentive Mechanisms

GPT-3.5 Monthly Cost

$0.002 Example
(prompt tokens) Small app: $150-$500

Mid-sized app:
$0.012 $3,000-$7,000

(completion tokens)
Enterprise: $50,000+

Model Ownership Lower Price of Use
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Incentive Mechanisms

GPT-3.5 Monthly Cost

$0.002 Example
(prompt tokens) Small app: $150-$500

Mid-sized app:
$0.012 $3,000-$7,000

(completion tokens)
Enterprise: $50,000+

Model Ownership Lower Price of Use

Is more data always good?
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Federation is just getting started!

Interesse in de loop van de tijd © 3
Wereldwijd - 1jan 2016 - 12 feb 2026

100
80
&0
40

0

T T T T
2016 208 2020 2022 2024 2026

Causal Federated Learning for Neuroimaging 57




Federation is just getting started!

7/@ D
@>

. Model Weights



Federation is just getting started!

-
7”0\ o0
L T Ne

Model Weights (Causal) Structure
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Federation is just getting started!

Hidden .

- S
R eNe i
i @@ I
/\/,’// HQ/—'\\) \ o
l\_/l\ Q/ ‘

Model Weights (Causal) Structure Synthetic Data (GAN)
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The Federation

ARTIFICI AL T2.2: Federated learning
INTELLIGENCE == Greifswald
RESEARCH GROUP 0

» Expertise in general Al and computer science. m MR /Dresaen
RvE D)

© T = =
@9_ Prague

EBAIMS

@) Server: no data
Il Milan
Model sharing:
SCP via VPN
» Expertise in cognitive deterioration On each client:
2 “\_k %I I Naples
» International MS network with many cases. 22 T
Z..'! Regressor] SDMT
22n i i
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Interested in Federated Learning? Send me an e-mail!
Alvaro.Javier.Vargas.Guerrero@vub.be
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To State The Obvious

CORRELATION DOES NOT |MPLY CAUSATION

cause Cause

g‘ p q .
ice cream sunburn S n
rate | "i \
W N m\.‘q.

Igt\

correlation

—

StatisticsEasily.com
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The Achilles heel of Machine Learning

v
" > Grass
e, 2 il
e : - e Model Model
¥ I P -~ Predicts Predicts
: A‘ T‘:‘f: Wwac. P:":. Cow Grass
(A) Cow: 0.99, Pasture: (B) No Person: 0.99, Water: (C) No Person: 0.97,
0.99, Grass: 0.99, No Person: 0.98, Beach: 0.97, Outdoors: Mammal: 0.96, Water: 0.94,
0.98, Mammal: 0.98 0.97, Seashore: 0.97 Beach: 0.94, Two: 0.94
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How to solve bias?

25
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How to solve bias?

A Y
Cow Grass
.._
Present Present

Model
Predicts
Cow

Model
Predicts
Grass
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Roadmap

Current State of Modern Al

Why Al lags behind in the medical sector

Federated Learning: A New-Age Approach to Privacy
Open Challenges of Federated Learning

The Achilles heel of Machine Learning

Introducing Causality

Open Challenges of Causality

vV v vV v v vV VY

The Intersection of Federated Learning & Causality
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Introducing Causality

» ”“Patients who take Drug A tend to recover

,.T;; \\ faster”

f/
L
/ ( \
-

4 \
» Observation/Correlation -> P(R | A)
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Introducing Causality

» ”“Patients who take Drug A tend to recover

faster”

» Observation/Correlation -> P(R | A)

» Which oneisit?

Causal Federated Learning for Neuroimaging

Healthy people
take it
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Introducing Causality

» ”“Patients who take Drug A tend to recover
faster”

» Observation/Correlation -> P(R | A)
» Whichoneis it?
» Both!-> bias

Healthy people
take it

i

Causal Federated Learning for Neuroimaging 71



Introducing Causality

» ”“Patients who take Drug A tend to recover
faster”

» Observation/Correlation -> P(R | A)
» Which oneisit?
» Both! -> bias

» “Patients who were forced to take Drug A tend
to recover faster”

» Intervention/Causality -> P(R | do(A))

» Randomized Control Trials enforce

intervention!
~\‘ \\\
oy 7o)

R
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Introducing Causality

» ”“Patients who take Drug A tend to recover
faster”

» Observation/Correlation -> P(R | A)
» Which oneisit?
» Both! -> bias

» “Patients who were forced to take Drug A tend
to recover faster”

» Intervention/Causality -> P(R | do(A))

» Randomized Control Trials enforce
intervention!

Status

Full Model
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Introducing Causality

» ”“Patients who take Drug A tend to recover
faster”

» Observation/Correlation -> P(R | A)
» Which oneisit?
» Both! -> bias

» “Patients who were forced to take Drug A tend
to recover faster”

» Intervention/Causality -> P(R | do(A))

» Randomized Control Trials enforce
intervention!

Model with intervention A=1
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Judea Pearl

» "The father of modern
Probabilistic Al”: invented

Bayesian Networks in the
1980s

» Leader of the Causal
Revolution

» Turing Award winner

» Wrote “The Book of Why” for
non-mathematicians to
understand causality
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Ladder of Causation

The Ladder of
Causation w
L1/

Counterfactuals
Imagining

m. What if | had done..?
Why?

Interventions

n ' What would I do..?

How?

Association
Seeing
What if | see..?
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(Causal) Structure Discovery

/.\
-~ @—@
(=)
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Rung 1: Bayesian Networks P(B|A) P(A)
P(A|B) =

P(B)

Based on Bayes’ Theorem

yes
0.2

Alarm bus, overs. yes no
On? yes, yes 0.1 0.9

yes, no 0.2 0.8

yes no alarm | yes . no, yes 0.3 0.7
0.9 0.1 yes 0.1 0.9 no, no 0.9 0.1

no 09 0.1
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Rung 1: Bayesian Networks P(B|A) P(A)
P(A|B) =

P(B)

Based on Bayes’ Theorem

yes
0.2

Alarm bus, overs. yes no
On? yes, yes 0.1 0.9

yes, no 0.2 0.8

yes no alarm | yes no no, yes 0.3 0.7
0.9 0.1 yes 0.1 0.9 no, no 0.9 0.1

no 09 0.1

Can only look at associations by design!
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The Issues with Rung 1

ice cream sunburn

F‘V - - ‘a
sales rate | '=" W
LA "

m

correlation

Hidden/Latent Confounder!
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The Issues with Rung 1

iiiia

[&]
O"J =
ALEER (KA CANAR

(LLLLCLLLLLLLL L
o

Cfl

(RO e T s T

1
1

No Interventions!
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The Issues with Rung 1

1B

2

Check whether temperature
humidity influences the rain
gauge.

o
i)

A

T

_@o"

(9]
(6)]

‘

==mmni LU LG

- -

LI
i O ¢

(T s

No Interventions!
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The Issues with Rung 1

2NN | VAT AT I T Oy e

EGS‘E Check whether temperature
= E humidity influences the rain
=55= | gauge.

=D°= :

Regular Conditions: P (F | H)
F = Full
H = Humidity Level

o ge

(NN (OSSR D

No Interventions!
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The Issues with Rung 1

12
g ]

o
TR A

T

(9]
(6)]

—

LA LLLILLL
vl O ¢

!

STV P AT (T O e

o ge

A ,‘A \. .._,c
B!
SRR RN 0 e RN RN NG (RN NRARN (AR
o 2 |

No Interventions!
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Check whether temperature
humidity influences the rain
gauge.

Regular Conditions: P (F | H)
F = Full
H = Humidity Level

What if a toddler fills the rain
gauge themselves?
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The Issues with Rung 1

ges‘é Check whether temperature
= 5 humidity influences the rain
=58= T gauge.

= 9=

A

AT M e

Regular Conditions: P (F | H)
F = Full
H = Humidity Level

What if a toddler fills the rain
gauge themselves?

(NN (OSSR D

3
-E-
E.
-
')';" /

Experiment loses it’s power.

No Interventions!
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The Issues with Rung 1

I

e
[

(o2}
a

(9]
(6)]

LI
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‘mmmmmmw‘

No Interventions!

Causal Federated Learning for Neuroimaging

Check whether temperature
humidity influences the rain
gauge.

Regular Conditions: P (F | H)
F = Full
H = Humidity Level

What if a toddler fills the rain
gauge themselves?

Experiment loses it’s power.

Unless we model the toddler in
the BN, no way to express
intervention.
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The Issues with Rung 1

Regular: P (F | H)
IV: P (F | do(H))

I

)

TN (IR ERED (AN

@
O

o
u‘ -

UL
o

ol b ]
il -
& Q1

L =

‘ mnmﬂmmnmnmnﬂu‘

(RN (OGNS RS TN i

No Interventions!
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Check whether temperature
humidity influences the rain
gauge.

Regular Conditions: P (F | H)
F = Full
H = Humidity Level

What if a toddler fills the rain
gauge themselves?

Experiment loses it’s power.

Unless we model the toddler in
the BN, no way to express
intervention.
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The Issues with Rung 1

— .

No Counterfactuals!
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Ladder of Causation

The Ladder of
Causation w
L1/

Counterfactuals
Imagining

m. What if | had done..?
Why?

Interventions

n ' What would I do..?

How?

Association
Seeing
What if | see..?
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Roadmap

Current State of Modern Al

Why Al lags behind in the medical sector

Federated Learning: A New-Age Approach to Privacy
Open Challenges of Federated Learning

The Achilles heel of Machine Learning

Introducing Causality

Open Challenges of Causality

vV v vV v v vV VY

The Intersection of Federated Learning & Causality
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Open Challenges of Causality

» Lack of Interventional Data (not enough Randomized Control Trials)

» Current Causal algorithms require functional assumptions (linearity) or fail
to converge to a single DAG

Chain Fork Collider

XKUY XKLy X dL Y
X1LY]|Z X1ULY|Z XNLY|Z
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Open Challenges

» Lack of Interventional Data (not enough Randomized Control Trials)

» Current Causal algorithms require functional assumptions (linearity) or fail

of Causality

to converge to a single DAG

» Scales horribly with high dimensional data

ar =y (-1)""

j=1

(k) 2ilk—i)g,
j J

Causal Federated Learning for Neuroimaging

Nodes (k)
1
2
3

d

Number of DAGs (a;)
1

3

25

543

29,281

3,781,503

138,779,265
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Open Challenges of Causality

» Lack of Interventional Data (not enough Randomized Control Trials)

» Current Causal algorithms require functional assumptions (linearity) or fail
to converge to a single DAG

» Scales horribly with high dimensional data

» Most theoretical assumptions are only for discrete data
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Potential for Causality in ML Models

» Causally-guided ML models
» Feature Selection

» Counterfactual Data Generation

»
e o M S

(A) Cow: 0.99, Pasture: (B) No Person: 0.99, Water:
0.99, Grass: 0.99, No Person: 0.98, Beach: 0.97, Outdoors:
0.98, Mammal: 0.98 0.97, Seashore: 0.97

Causal Federated Learning for Neuroimaging

(C) No Person: 0.97,
Mammal: 0.96, Water: 0.94,
Beach: 0.94, Two: 0.94
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Potential for Causality in ML Models

» Causally-guided ML models

» Feature Selection

» Counterfactual Data Generation
» Full Causal Inference models

» Explainable by Design

» Supports Interventions

» Supports Counterfactuals

Causal Federated Learning for Neuroimaging
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Potential for Causality in ML Models

» Causally-guided ML models

» Feature Selection

» Counterfactual Data Generation
» Full Causal Inference models

» Explainable by Design

» Supports Interventions

» Supports Counterfactuals

Causal Federated Learning for Neur

oimagin
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Interested in Causality? Send me an e-mail!
Alvaro.Javier.Vargas.Guerrero@vub.be




Roadmap

» Current State of Modern Al

» Why Al lags behind in the medical sector

» Federated Learning: A New-Age Approach to Privacy
» Open Challenges of Federated Learning

» The Achilles heel of Machine Learning

» Introducing Causality

» Open Challenges of Causality

» The Intersection of Federated Learning & Causality
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Federated Causal Discovery
OO

>‘ Causal Federated Learning for Neuroimaging
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The Federation

ARTIFICI AL T2.2: Federated learning
INTELLIGENCE == Greifswald
RESEARCH GROUP 0

» Expertise in general Al and computer science. m MR /Dresaen
RvE D)

© T = =
@9_ Prague

EBAIMS

@) Server: no data
Il Milan
Model sharing:
SCP via VPN
» Expertise in cognitive deterioration On each client:
2 “\_k %I I Naples
» International MS network with many cases. 22 T
Z..'! Regressor] SDMT
22n i i
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