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The promise of medical Al oo s D

Geoff Hinton: On Radiology

https://www.youtube.com/watch?v=2HMPRXstSvQ
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ARTIFICIAL INTELLIGENCE

Y Google’s medical Al was super accurateina

Dicital diagho lab. Real life was a different story.
g g G oog If Alis really going to make a difference to patients we need to know how it

L3
bette r jO b t h a l i n b re works when real humans get their hands onit, in real situations.

Published: January 17, 2016 8.17pm CET '
'. 4 PUBLISHED THU, JA

It takes time for a human to become good at diagnosing ¢

Al Can Outperform

David Reid Editorial | Open #
Until now, n ing Doctors. So Why Don’t
W Twitter 221 choice. But: CfOSSlng o
I Facobook ss  We going to impact: tt Patlents Trust It?
in Linkedin B 5% e § n evaluati0| by Chiara Longoni and Carey K. Morewedge
& Print POINTS

caid in a ren

* Th Jayson S. Marwal
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Are artificial minds ¢ npj Digital Medici '
* Gc see more hype than 1890 Accesses
cai Image source: Shutt
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* Very large amounts of data, not always accessible
- Histopathology images are 100°000x100°000 pixels
= Annotations are hard to obtain and expensive
- Never really full images, subjectivity remains
= All available data sources should be combined
- Multimodal data analysis: text, images, structured data, genetics
= Generalization is important, data changes over time
- Data heterogeneity is high (acquisition parameters, staining)

* Interpretability and explainability
(T || Bgigéso Valais-Wallis [7\
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= Extreme-scale Analytics via Multimodal Ontology Discovery
& Enhancement

- Very large-scale data analysis Q

aI\/Iode

- Histopathology is becoming digital
* EU Horizon 2020: ICT-12-2018-2020 EX

-3;

- Acceptance rate: 6 of 78 submissions &%
= Budget: ~5 Mio Euros

- [ partners: academic, commercial and hospital partners, plus a
national supercomputing center

E B IF-)IaIig%SO Valais-Wallis
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Introduction: consortium

/ High Performance Computing (HPC) resources: SURFSARA

ACADEMIC PARTNERS
(UNIPD, HESSO)

Scientific experience in extracting
knowledge from:

- heterogeneous images

- text

7 N

~

MEDICAL PARTNERS:

ONTOTEXT, MICROSCOPEIT
(AOEC, Radboudumc) ( )

/" INDUSTRIAL PARTNERS: \

opportunities in:

- semantics-based services

- advanced Al-based image
processing solutions

- medical data (imaging and text)
- digital pathology knowledge
Kclinical evaluation experience

Worldwide unique providers of: <:> Solid industrial experience and market

Y,

E HES-SO Valais-Wallis
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» Develop training of deep learning models with weak labels, so not
pixel level annotations

- And a combination of weak with strong labels

» Combine semantic knowledge from pathology reports with image
data (multimodality)

- Development of domain ontologies
- Use this to generate weak labels for training

= Make all this scalable to extremely large amounts of data
- With national computing centers (Surfsara)

» Use images from the literature for training

o & Sembined,with clinical images
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Use cases chosen in ExaMode ..ooonsemame:

= Colon
- Large number of images exist with screening, labor intensive,
high economic value

= Lung

- Large number with screening, labor intensive, economic value

= Cervix/Uterus
- Large number with screening, labor intensive, economic value

» Celiac disease
- For a non-oncologic application, large and increasing number

B B IF-)IaIigéSO Valais-Wallis
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& 18-17571_001.svs Upload u

ANNOTATIONS <

> A Tissue Segmentation Annotation (1) %

(VRN

v & i ion Annotation (3)®

No class
» O Area:0.000  Annotations: 0

v D adenomatous-polyp-lgd
Area: 7.448 mm? Annotations: 1

5

Area: 7.448 mm*

adenomatous-polyp-hgd
v
O Area: 3.769mm® Annotations: 1

Area: 3.769 mm*

@ non-informative
Area: 0.667 mm? Annotations: 1

Area: 0.667 mm*

CREATE MANUAL ANNOTATIONS SERIES

E ;l;g}%o Valais-Wallis



First set of proprietary data

Final set of cured publicly available multimodal and multimedia data

TASK Publicly available clinical data Data from scientific literature
D a ta l l S e d ‘WSIs I’III}:{;:S Text Source | Whole Slide Text Source Images Text Source
Diagnostic report, Structured Image caption and
Adenocarcinoma. 2000 structured (table) AOEC 50 (table) TCGAPubme 2699 article text PMC Central
Detection of cancer in Synoptic report,
COLON polyps (in screening WY structured (table) Radbondume
population). 40 80 | Structured (table) Un]ii:r‘;ity
Diagnostic reports, Structured Image caption and
2000 e (s AOEC 45 (table) TCGA 962 atticle text PMC Central
UTERINE Squamous cell carcinoma .
CERVIX 2500 Synoptic report | Radboudume
Classification/detection of|
growth patterns Diagnostic report, Structured Image caption and
LUNG related to cancer AL structured (table) | AOEC L (table) e il article text | M Contral
aggressiveness, prognosis
Diagnostic report, Image caption and
CELIAC |Celiac disease detection in 2000 structured (table) AOEC 165 atticle toxt _|TMC Central
DISEASE duodenal biopsies 1000 R e -
PROSTATE  Gleason grading 50 St;t‘;fl“er)ed TCGA 1925 | mage caption and pysc e
Additional data sources from publicly . .
il available datasets (Table 2) 12441 Various 2156 Various
’ / TOTAL 12686 12085 Various

A, <

n cancer annotation classes
. Cancer

‘polyp - high grade dysplasia
X polyp - low grade dysplasia
. Hyperplastic polyp

. Non-informative

classes
i1 carcinoma invasive
inoma invasive
1 carcinoma in situ
inoma in situ

. Cancer -

. Cancer -
3. Cancer -
. Cancer -
High grade dysplasia

TPV infection present (presence of koilocytes)
._HPV infection absent

. Normal glands

0. Normal squamous

Celi on classes

I_Celiac disease

2. Non-specific duodenits

3. Normal

Lung cancer annotation classes

. Cancer - small cell cancer

ancer - non-small cell cancer,

_Cancer - non-small cell cancer, carcinoma
Cancer - non-small cell cancer, large cell carcinoma

. No cancer

HES-SO Valais-Wallis
Paae 11
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010N Cancer conort of 612 patients

structures

a) Tumor tissue deforming the
lymph nodes and infiltrating extranodal
b) Tumor
pleomorphic nucleus, apparent nucleolus,
and frequent mitosis

cells

o Lases e
structure, of

with large
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= Open data policies of funding agencies make large
medical data sets available

- Particularly NIH is pushing towards this
= TCIA and TCGA are very large repositories TCGA@
- There are many scientific challenges
* [mages from the Biomedical literature are available via

Number of articles per year

PubMedCentral o pn e
o - T117 central
- Exponentially increasing

- Extremely varied, hard to use |
E ﬂ EES'SO Valais-Wallis 288283883888 ¢E588¢85585+3
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Challen ges with PubMed oo e g Gestan 1 o
= >20°000°000 images in 2022, many graphs, charts
» | ook-alikes is a problem, and compound figures

- Very varied and sometimes strange content needs removal
= Compound figures need to be separated




Making the images usable Hes
= Removing very small images & strange aspect ratios
= Classify figures into figure types
- Using image data and also text, remove non-relevant images
= Detect and cut compound figures into their parts
- Classify these into figure types again
= Filter human vs. animal tissue and specific organs s

i : : , =l
= Check diseases or grading/staging images ===

- Classes for machine learning = =— =

E HES-SO Valais-Wallis
Paae 14



Medical NLP is not trivial

B

Non-standard abbreviations
Spelling mistakes, quickly written
Technical language

- Latinized terms, synonyms
Nested, complex phrases
Negation ...

- Several levels (“little evidence of”)

- Not clear what terms they
refer to, double negations

HES-SO Valais-Wallis
Paae 15
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ABC

ABCD

ABCs
ABCDs
ABCDEs

ACA

Abd

ABD

Hes
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acid-base ratio

abdomen, abdominal
abortion

antibody
abortion, AB Blood Type

airway, breathing, circulation
aspiration biopsy cytology

airway, breathing, circulation, disability
asymmetry, borders, color, diameter (features on considering "Is it a mali
ABCD rating (a staging system for prostate cancer)

airway, breathing, circulation, etc. Refers to priority of needs in emergenc
recurrent.

acinic cell carcinoma
Affordable Care Act

abdomen
abdominal[abduction]

army battle dressing

ca rd iac arrest noun heart attack

congestive heart failure heart arrest heart stoppage
cardiacinfarcton =~ corona ry infarction heart attack myocardial infarction
cardiopulmonary arrest ~ coronal ry thrombosis heart failure tachycardia
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Advantages of literature images.:aaz

» Rare images (unusual, untypical) are generally used for
articles and case descriptions, so are oversampled

- A few typical cases but mainly extreme cases
- Creates critical mass for rare diseases

* I[mages are from many laboratories and thus contain
many image variations (staining, scanners, ...)

- Increase generalizability of learned models thanks to this
diversity

= Exponentially increasing content

B B 5'5‘2'1%0 Valais-Wallis K,
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i f 141 ERBCa High Power Felds 24441 Patches and thair frasks extiacted 68— —————— === —
E ﬂ HES SO Valals Wallls With Manually Arinotated Nucle!  0,8,10, 15,20,30,40 2nparent magnification

- . : Hes
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» Magnification (or pixel size) in literature images is usually
not known

» |[f we want to compare visual similarity, the scale of the
structures is essential

- Unlike object recognition where scale is irrelevant
= Brut force deep Ieaﬂling\vs. using nuclei size

=: Batch Normal DenseNet
qEeE 000 | [ rew
nE
2 m‘»i\c " Average Area Values Computed from nuclei masks
N iy T T T T T T
e, % 5X8X10X, 15X 20X 30X
#=: Channel-wise Concatenation A ]8 F XI ! | | 0K

Tas [
=: Conv > Batch Normalization Shallow-Net g O
& 1000 A
®
K?

>ReLU > MaxP -> Dropout
& =
_— e . ¢ B
o i b .| T oz o . . : . :
ey %5@ —> 1 —> 1 |* . < 1000 2000 3000 4000 5000
R k. b Samples Index
Deep Learning /

Netumrls Treiney

i
i
i
0

. _/“ \“\\_
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Weakly supervised learning

Large weakly-annotated
dataset

Small strongly-annotated
dataset

Teacher model

Benign
W GP3
[l GP4
W GPs

Guunnnnn

- e e e o omm o wm =

HES-SO Valais-Wallis
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BEE

Teacher/student paradigm approaches:
Semi-supervised learning

Semi-weakly supervised
SERREEEREN)

Student training variants:

Student training variant I  Student training variant II
(training the student  ( pre-training the student with
only with the pseudo- do-labeled data and fine-

labeled data) tuning it with strongly-
annotated data)

Student training variant III  Fully-supervised learning
(training the student with (training the student
pseudo-labeled data and only with strongly-
strongly-annotated data) annotated data)

Haute Ecole de Gestion & Tounsme
Hochschule fiir Wirtschaft & Tourlsmus
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Medical Image Analysis 73 (2021) 102165

Contents lists available at ScienceDirect

Medical Image Analysis

journal Isevier.

Semi-supervised training of deep convolutional neural networks with )

oneck

heterogeneous data and few local annotations: An experiment on ey
prostate histopathology image classification

Niccold Marini®"!~, Sebastian Otlora®"', Henning Miiller*<, Manfredo Atzori*¢

* Information Systems Institute, University of Applied Sciences Western Switzerland (HES-SO Valais), Technopdle 3, Sierre 3960, Switzerland
b Centre Universitaire d'Informatique, University of Geneva, Carouge 1227, Switzerland

© Medical faculty, University of Geneva, Geneva 1211, Switzerland

4 Department of Neurosciences, University of Padua, Via Giustiniani 2, Padua, 35128, Italy
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4105
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Keywords:
Computational pathology
Deep learning

Convolutional neural networks (CNNs) are state-of-the-art computer vision techniques for various tasks,
particularly for image classification. However, there are domains where the training of classification mod-
els that generalize on several datasets is still an open challenge because of the highly heterogeneous data
and the lack of large datasets with local annotations of the regions of interest, such as histopathology
image analysis. Histopathology concerns the microscopic analysis of tissue specimens processed in glass
slides to identify diseases such as cancer. Digital pathology concerns the acquisition, management and
automatic analysis of digitized histopathology images that are large, having in the order of 1000002
pixels per image. Digital histopathology images are highly heterogeneous due to the variability of the im-
age acquisition procedures. Creating locally labeled regions (required for the training) is time-consuming
and often expensive in the medical field, as physicians usually have to annotate the data. Despite the
advances in deep learning, leveraging strongly and weakly annotated datasets to train classification mod-
els is still an unsolved problem, mainly when data are very heterogeneous. Large amounts of data are
needed to create models that generalize well. This paper presents a novel approach to train CNNs that



Weakly supervised |
from reports

A Input data

Whole Slide Image

Free-Text Reports

c !

Image Classification Pipeline Textual Report Analysis Pipeline

Images Spitting in Patches ‘ Name Entity Recognition ‘

\

Entity Mentions

v

Entity Linking

v
Linked Concepts
(oXeXe} -« °
i )

Data Labeling

Medical Ontology

[0.007,0.001,0.002,0.001,0.0004]

0.001,0.002,0.004,0.001,0.0001

[0.005,0.003,0.001,0.001,0.0002]
H

[0-8.

WSI Predictions

Attention Network g Patch Classifier
= P —_—

Weak Labels

L Loss
(WSI Predictions, Weak Labels)

Backpropagation
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Private data
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First results on multimodal data .cuuciene

() & nature.com X9
Gcom Git WikEn HESSO v Unipd v Corsiv Burov Social v Ricercav JRCv GTrad Viaggiv N Varie v GDri GFoto  MYouT  SimplyWallSt Trash v
npj | d]g|ta| medicine View all journals ~ Search Q  Login ()
Explore content v About the journal v Publish withus v Sign up for alerts £} RSS feed

nature > npj digital medicine

Unleashing the potential of
digital pathology data by
training computer-aided
Hospital diagnosis models without

[ human annotations

Jod
HEE

nature.com

Advertisement

Clinical images and reports

npj | dlglta| medicine View all journals ~ Search Q Login )
Explore content v About the journal v Publish withus v Sign up for alerts £\ RSS feed
nature > npj digital medicine > articles > article
Article | Open Access | Published: 22 July 2022
Download PDF F2

Unleashing the potential of digital pathology data by
training computer-aided diagnosis models without Sections Figures References
human annotations Abstract
Niccold Marini &, Stefano Marchesin, ian Otélora, Marek inski, Alessandro Caputo, Mart Introduction
van Rijthoven, Witali Aswolinskiy, John-Melle Bokhorst, Damian Podareanu, Edyta Petters, Svetla Results
Boytcheva, Genziana Buttafuoco, Simona Vatrano, Filippo Fraggetta, Jeroen van der Laak, istell:

Discussion
Agosti, Francesco Ciompi, Gianmaria Silvello, Henning Muller & Manfredo Atzori

Methods

npj Digital Medicine 5, Article number: 102 (2022) | Cite this article
3374 Accesses | 17 Altmetric | Metrics Data availability

Code availability
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Multimodal embeddings -+ " B
Multimodal representations of biomedical

= Multimodal network trained with knowledge from limited training whole slide
images and texts images and reports using deep learning

Niccold Marini @1 & X, Stefano Marchesin ® 15 Marek Wodzinski © ¢, Alessandro Caputo 9¢,

Damian Podareanu , Bryan Cardenas Guevara f Svetla Boytcheva 9 h Simona Vatrano ¢,

— C reate I i n kS betwee n teXt a n d Filip;;o Zroggett.a:k], Francesco Ciompi i Gianmaria Silvello b, Henning Miiller ¢ J
visual information

- Single representation

» Qutperforms unimodal models, requires less training data
- Works on smaller data sets for WSI classification
- Separate input branches for images and visual information

= Creates a representation of visual semantic information

E HES-SO Valais-Wallis
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Even more multimodal

HetERogeneous sEmantic

Data integration for the
guT-bRain interplaY

» Hereditary project that started in 2024

- Horizon Europe, budget of 13 Mio €, 18 partners
= Explore the link between the gut (microbiome) and the brain

- Neurodegenerative diseases: MS, ALS, Alzheimers, Parkinsons
- Microbiome, genetics, clinical data, signals (EEG), imaging

« Several types of imaging: MRI, OCT, eye fundus, histopathology
- All information is mapped onto semantics

- Requires to deal with missing data

E ﬂ Eal?]g-go Valais-Wallis
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Interpretability of Deep Learning  .ossemm

» Make decisions understandable & remove black box image

Input T1 contrast MRI Guided-backprop Grad-CAM

= Make sure that decisions are sound

= Explain why things may not be working

* In medicine it is particularly important to make sure that
results can be explained & reproduced

- High impact of wrong decisions

* There are many approaches for interpretability
- 2D projections, PCA, TSNE
- Class activation maps, saliency, ...

HES-SO Valais-Wallis
Paae 24
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A taxonomy for eXplalnablhty B o ot
» Many terms have been used in slightly different ways for Al:

interpretability, explainabillity, transparency, accountability,
fairness, (opacity) ...

- Bias, reliability, robustness, uncertainty, confidence

= A workshop was held in early summer on this with views
from several domains: legal, technical, philosophical, social,
cognitive, ethical, ...
- https:/[taxonomyinterpretableai.wordpress.com

M Graziani, L Dutkiewicz, D Calvaresi, J Pereira Amorim, K Yordanova, M Vered, R Nair,

[ | E U iS pre pa ri ng the Way P Henriques Abreu, T Blanke, V Pulignano, JO. Prior, L Lauwaert, W Reijers, A

Depeursinge, V Andrearczyk, H Muller, A Global Taxonomy of Interpretable Al: Unifying
the Tecrini:& y for thT.TechnicaI and the Social Sciences, Artificial Intelligence Reviews, 2022.

- GDPR on data protection an policy
« Limit the strong risks of Al and its use and abuse

B B IF-)IaIiggO Valais-Wallis




Interpretable Al terminology
Main terms and domains

Hes-so/// e
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Taxonomy
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Regression concept vectors
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» |dentify existing features and check how the decision layers
correlate to these features

- I.e.: nuclei size, internal heterogeneity, borders, ...
- How much can a decision be explained with these?

Trained network

¢2A
p I j-:* Tumor P
e ) = - ®
o ~ye
e ' 7
e VN \ n-tumo: 4
I —>
‘ P'(x;) ‘ e ‘
o
M Graziani, V Andrearczik, H Miller, Concept attribution: Explaining CNN decisions to physicians, Computers in Medicine and Biology, 2020.

E HES-SO Valais-Wallis
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Im p rove wit hin te r'p reta b 1 Ity rodiae Ecole de Geaion & Toursme 5]
= Pre-trained models often include scale invariance

* In medical applications this can be problematic, as scale
carries information

1.0
[7)] -
I % 9 0.6
=
, | o
(© o
) Q
| 8 0.2
I n
j~— O S o & P PSS D S o)t
: ,'. «‘\\*ee‘«.\\*@(&*e5@*&&&6@*@6@*@6‘&&6 Na"’@*e:\*aé:&«“ ¢ Invariance is learned
l &7 before softmax
Bounding-boxes to
measure scale Pruning strategy that removes the layers where +«—————Application to histopathology
invariance is learned to improve the transfer
M. Graziani, T. Lompech, H. Mdller, A. oruned ONN pretrained CNN

Depeursinge, V. Andrearczyk, On the
Scale Invariance in State of the Art
CNNs Trained on ImageNet, MDPI
Make, 2021.

E ! HES-SO Valais-Wallis
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MAE = 54.93 MAE = 81.85

J o -

—

Regression of
average nuclei size

Significant improvements in
performances after pruning




The importance of user tests! L

= Most systems are scripts run under laboratory conditions
- Does not give essential indications of routine use

» |[mpact of the system is hard to measure
- Better decisions, more confidence, faster, satisfaction?

= What is the influence on the patient?
- Better treatment? Longer survival? Quality of life”?

= User tests are complex to set up but can really help
= Al and users are usually best together

[
B B HES-SO Valais-Wallis  https://news.harvard.edu/gazette/story/2020/11/risks-and-benefits-of-an-ai-revolution-in-medicine/ @
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Conclusions W A
» [nterpretability of deep learning is a key for integration of
tools into clinical workflows

- Explain decisions, understand a potential bias, ...
» ExaMode addressed many current challenges in ML

- Making things scalable (internal and external resources)
* Also to allow for a better generalization
- Learn from weak labels
» We should also use strong labels when they are available
- Learn from multimodal data, create multimodal embeddings

* Most medical images have a report attached
E B Eaigé%o Valais-Wallis
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= More information can be found at

- http://medgqift.hevs.ch/
- http://publications.hevs.ch/

- http://www.examode.eu/
= Contact: Henning.mueller@hevs.ch

Horizon 2020

Europe.an. European Union funding
Commission for Research & Innovation
E HES-SO Valais-Wallis
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