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Prediction of survival
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Hey, ShatGPT Doctor: can | trust you?

ROC Curve
Survival probability at 2 year

Lung Cancer
2 year survival
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« Explosion of data

« Explosion of decisions

« Explosion of ‘evidence’
« Too much to read
« 3% intrials, bias
« Sharp knife
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Oberije et al. , Radiother Oncol. 2014; 112: 37-43/ J Clin Oncol 2010;28:4268 / JMI 2012 Friedman, Rigby / BMJ Clinical Evidence
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Potential of Artificial Intelligence
Learning Health Care System — Faster Innovations & Better Outcomes

Clinical trials, comparative
effectiveness research, molecular
and biologie data

Information-rich,
patient-focused

data
Evaluation of

outcomes

Trans/ormat/on of

Subsequent care Data .
delivery aggregation,
évidence

generation
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Big Data? — An example from cancer
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Barriers to sharing data

[..] the problem is not really technical [...]. Rather, the problems are ethical,

political, and administrative.
Lancet Oncol 2011;12:933

1. Administrative (I don’t have the resources)
2. Political (I don’'t want to)
3. Ethical (I am not allowed to)

4. Technical (I can't)
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A different approach

If sharing is the problem: Don’t share the data

If you can’t bring the data to the research
You have to bring the research to the data

Challenges

— The research application has to be distributed (trains & track)
— The data has to be understandable by an application (i.e. not a

human) -> FAIR data stations

www.personalhealthtrain.nl
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http://www.personalhealthtrain.nl/

Personal Health Train (2015)

Personal Health Train
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Federated FAIR Data and Learning Infrastructure

Data owners control what
a visiting trair’ is allowed
to do with their data
i e |
[t
The research question =
(“train’) travels to the
datasource
- Ve
A request with research ]
question sent
—
Researchers/Health *’i —
care innovators
= (®) can
A “frack” for
Analytical results

become accessible workfiow” fo travel f.:ﬂl'

e aa FAIR Data Station
Progress indicator: . . — I' {Uni Medical Centres)
It shows the evolution (bawlding il
up) of federated learning as the
RS i SR SRMIIOKF Jtr o oy Answer 10 TTE guesticn Data analymis without
(“train”) travels back to sensitive data leaving
the server their locations
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Simple example
87 62 83 46 70 76

69 69 56 49 90 64

47 72 56 93 73

73 84 95 72

59 63 58 60

49 72 47 N=34

62 53 62 Mean Age = 68.2y
81 94
73

2x780+7x601+5%x71.6+9x%x648+8x%x73.5+3x71.0
= 68.2
2+7+5+9+8+3
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euroCAT example
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Maastricht (n=52) Liege (n=186)

All 4 together (n=136) Liege (n=186)

All 5 together (n=322) World (n=inf)
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Intel - FPenn

The largest medical

Federated Learning project to date.
71 institutions

6 continents

33% improvement

Open Source (vantage6): distributedlearning.ai
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https://distributedlearning.ai/

{ f# Maastricht UMC+

Learning

‘:f Maastricht UMC+ P> Maastricht University




L - Data split —= Motivation
Algorithm
Model building Trﬂining" 'Ia’alin:latic:n”
E— ;
L - : - 057 058 054
[ ] — Algorithm
glmneat - 065 063 059 0.58 Mean AUC
- 0.8
S8 3 et - 062 058 058 054
E_E oT
E}m seradia - SANGEN0TE 075 074 066 063 055 053 048 08 o G
I i | 0.5
LD'gltBD'l:lEt' : .Q.E ﬂ.ﬁg 0.50 ﬂ.ﬁﬂ Hﬂdﬂi mmm
A R | * Interactive model
—| adj rpart - 063 062 064 062 051 Eﬁ 061 064 051 052
L b ol B oS e B B S B E & o Performance
F o o F F F o F & & dF * and accuracy
Dataset
Clinical usefulness
Doctor predictions varsus
standard factors —= (Comparisons
Set up clinical trials
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Machine Learning
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Input Feature extraction Classification Output
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Slide courtesy of Kristy Brock
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Slide (and dog) courtesy of Kristy Brock
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Deep Learning — Human out of the loop

Machine Learning

& -k -7 Il

Input Feature extraction Classification Output

Deep Learning

G — e — [

Input Feature extraction + Classification Output

Slide courtesy of Kristy Brock
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Regulatory & Contracts

Nat Biomed Eng 2018;2:719
Table 3 | Comparisons between human evaluations and different types of Al approaches

Reproducibility Dependency Development Running Around- Update
and training costs the-clock  costs

Approaches Performance

comprehensibility
knowledge

Human evaluation Moderate or

Rule-based algorithms Muoderate or

Feature-based machine- Moderate or

learning methods

Moderate or high Moderate®

Deep artificial neural Low or moderate

availability
High Low High
Moderate or Low High High
Low High Maoderate*
Low High Low

L"} Maastricht UMC+

CE marked Al for Radiology

Class |

Class unknown* 33%
Class IIb

MDR
(17%)

Class lla

EUROPEAN HEALTH DATA SPACE

#EUDigitalHealth

“If the transition to the MDR
continues at this pace, half of
the Al products for radiology
can no longer be wused
clinically after May 2024.”
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Al for Better Health Care
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Al for Better
Processes
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Al for Better Processes
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Artificial Intelligence iIs different than Human Intelligence

CT prone

: All training data was supine
Al algorithms cannot be expected to perform at a ¢ >

higher level than their training data, but should deliver ’« gGU ‘.
the same standard of performance consistently for data e aﬂ' e,
within the training space. T Rl RO /

cCancer

Al correct
5HI incorrect

Al will find you a
liver anywhere...

Al incarrect
5HI correct

Images courtesy of MD Anderson / Brian M. Anderson
Nature 2020, 577:89 | JASON, Atrtificial Intelligence for
Health and Health Care, Dec 2017, JSR-17-Task-002
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Hey, ChatGPT: can | trust you?

Please explain the toxic effects of lung radiotherapy used for STage lll lung cancer

1. ratigue: Radiotherapy can inducs severs fatigue and axhaustion in patiants. This fatigue
may persist thiaughout the realment period and impact daily activities and overall
qiaabty of lifa.

FHadiatezn dermatetes: The skin in the treatad amaa can sxpariancd redfation-indused

- dermatitiz, characterized by redness, dryness, and rritation. The skin may become
. Fatl g u e sensitive and Bchy, Proper skincare and the use of prescnbed malsturizers can help
alizviate these symptoms.

. R ad i ati 0 n d e rm atiti S 3. Radiation preurnonifis: Radiation therapy can causs inflammation in the lungs, lzading to

1
2
radiation pneumanitis. This condstson manifests as a cough, shortness of breath, and
3 . R ad iati 0 n p n e u m O n iti S chest discomfort. It typically aocurs within a féw months after treatment initiaton and can
be managed with anti-inflarmmmatory madicatons.
d . . h o B 4. Radiabon esophagitiz: The esophagus, the fubes connecting the mouth te the s{omach,
4 . R a I atl O n eSO p ag Itl S may besams inflamed and swollen dos to radiaticn. Thio can reault in palinful sywallowing,
. . . . = diffscutty sating, and, in some cases, the development of ulcers. Medications and distary
5. Radiation-induced nausea and vomiting adfictons.are ftn ecommended o leyate hse symptoms
&, Radiation-induced nausea and vomiting: Some individuals may experience nausea and
6 H ai r I OSS vomiting as a result of radiation therapy. fntismetic medications can be prescoribed to
coritrol these side effects and minimize thesr impact.
6. Hair loss: In certain cases, |ocalized hair loss may accur in the treated area, although it iz
irmpeartant o note that hair loss specifically on the head i2 not a commoan side affect of
lung radiatherspy:

b,
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Better — Processes — NLP

o THM-B Lung

Annolated Report J “

stiour " i From the provided radiology report, we can extract the T and N stages as follows:
Lymph nods Die ot station 7wt e of ) 5.2 No
.' _r wﬂr\;rarrr ! alele ‘a': 3 : ‘ T {TU mor):
R 8 saenen ' * The tumor is located in the left upper lobe of the thorax.

* The maximum size of the tumor is estimated at 47 x 3.0 cm.
N (Node):

* Satellite nodes are visible at station 8-41 with an estimated size of 1.3 cm.
* Allymph node is visible at station 7 with a size of approximately 5.2 cm.

* No lymph nodes are visible on the contralateral side.

Based on the information in the report, the T stage is T2 (since the tumor size exceeds 3cm
butis 5 cm or less), and the N stage would be N2 (due to the presence of lymph nodes in

station 7 and satellite nodes). However, the complete TNM stage would also depend on
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Texas professor flunked whole class
after ChatGPT itwrote
their papers

By Natalie O'Neill May 18, 2023 | 3:05pm | Updated
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Do Als need to be perfect?

Al algorithms cannot be expected to perform at a higher level than their training
data, but should deliver the same standard of performance consistently for data
within the training space.

JASON, Artificial Intelligence for Health and Health Care, Dec 2017, JSR-17-T¢
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https://vimeo.com/208642358

Trust iIn model vs own expertise

theguardian

US politics world opinion sports soccer arts lifestyle fas = all

driverdiesin  fatal crash
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Al for Better Health Care
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Small Cell Lung Cancer — Shared Decision Making — Grey Area Guideline
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Better Outcomes — Prediabetes

Roiio PREDIABETES RISK SCORE
FIOCST AL S

MARIE: SA IR AR AGE: I LOHS AT P L ARDL
UHE: 1ZI458TED GEMNDER MALE DATE OF REPORT: 10-11-2021
PATIENT Ml SK 5 CORE

Himk Score B

i
INF ORMED COMSENT: YES

Hesght W7 | Weaght =8
il B4 | Dist M g
ot S B Bl b i ot i
Chunga bn Body Wl ghs Sama | Prysical Aclwby ld
Famity biltery of Disbates Yaa | Cyelipiciemiia Mo
Hypariens ke Yas | Fymplomy Mg
Pk ) P ] Ml Ry 5]

REC OMMENDED PROTOCOL
Activity

nonsrss physical gctivity. Should aim or 30 minu e s of moderately inbense essrciee (mech oua brisk walk) most

dmyi of the weak, Tor amnimues af 150 minubes (2.5 howrs) of 1olal physical sctivity per wesk

AUC-~0.8

Rutrition
Low Carbolyarats, Low Fal diet

Referral 1o consultant
Mol Requined

{ !f Maastricht UMC+
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Better Outcomes — Self-medication in Chronic Heart Failure

Lo you feal short of breath whan lying down (ofsopnea)? @

L
o iy Wi om oy
@ Qutcomes
D vou have a dry cough? o D
& Based on your symploms, we recommend Hene .
:fﬂl.l o measurements
B Lngid n s i ey &
D you hiave swalling (edema)? L ®
L
LT Ugra Mratirgs T
I reases the down Biomarkers
Do you feel dizzy? ® =3 Symploms
®
B Lsyra [ES Y Lo
Do you feal like fainting? L
L
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Better Outcomes — Model Based Indication
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Some things to get you thinking
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Typical Data Quality challenges

« Data are unstructured

« Data are not understandable
« Data are missing

 Data are incorrect

« Data are contradicting
 Data are biased

« Data are biased missing Patient weighing 1000kg

 Garbage in — Garbage out?

Grade 3+ toxicities

Q} Maastricht UMC+ | Maastricht University
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. . Pressure-Volume Loops in Cardiac Surgery
Who is this?

Proefschrift

ter verknjging van de graad van doctor
aan de Universiteit Maastricht,
op gezag van de Rector Magnificus,
Prof.dr. A.C. Nieuwenhuijzen Kruseman,
volgens het besluit van het College van Decanen,
in het openbaar te verdedigen,
op vrijdag 12 september 2003 om 1400 uur

\’\N'f

André Dekker

D-:

MRS MANTRR WY
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Good enough for Al

SDK Products Solutions Pricing Resources Support *| Console sg"Up
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Multimodal self-supervised training Medical domain knowledge Flexible interactions

Knowledge Multimodal inputs
graphs and outputs
Reasoning with multiple Dynamic task specification
GMAI knowledge sources
Applications ’ ‘ k.} < % /
Chatbots for Interactive Augmented Grounded Text-to-protein Bedside decision
patients note-taking procedures radiology reports generation support

Regulations: Application approval; validation; audits; community-based challenges; analyses of biases, faimess and diversity

Maastricht UMC+ M aastro % Maastricht University
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Good enough for Al

SDK Products Solutions Pricing Resources Support *| Console sg"Up
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FaceAge

a | FaceAge Algorithm 332

s l

iscovery Datasets (n-58851)

b | Data 233

Training Datauet | DR - WKl
l:l:.-ll_ 35 NN Faresri gudf Fraiag isdw sinal

Y Mg cwrarrd wed fegmiad o
‘=4 o imdresianh

Techmical Validstion | UTE

A BSAT mabiy ol bs el
LF matierd dege L R A lERen Oy Ll

¢ | Clinical Expariments ﬂ

=

Survival Probability [%6]

FaceAge <65
65 < FaceAge <75
75 = FaceAge < 85
FaceAge = 85

100% 4

50% 4 . T
* {
* -+ -
!
. Log-rank - l
p<0.0001
C'I:E"EI Ll T L] L T L] T
0 1 2 3 4 5 ] 7
Time (Years)
Number at risk
1385 1067 861 T00 536 409 250 128
2033 1365 1300 1062 815 634 419 228
1292 983 791 628 487 377 259 153
194 143 114 g8 64 49 32 17

Zalay et al. medRxiv. 2023 Sep 12;2023.09.12.23295132.
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Key messages

Maastricht UMC+

We need Al for better processes and better outcomes in health care

Trends
* FAIR Federated Data Infra
* Deep learning
« Companion Al for better indications & shared decision making

Cautions
« Bias | Causality | Culture | Quality | Ethics

What is responsible and what is compliant?

* lrresponsible is not to share data and not to develop Al
« Compliance in terms of privacy is clear, other ELSI less so
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Thank you for your attention
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