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Allegory of the cancer pathobiology lab

m Y .
(Unobserved) pathological process give rise to radiopathomicor
other omics phenotypic observations
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Same object different shadows

GODEL,ESCHER,BACH:

an Eternal Golden Braid

DOUGLAS R.HOFSTADTER

minds and machines in the spirit of Lewis Carroll

Our goal is to performausefrom-effect inferenceof underlying
pathological process given certain (multimodal) observations




Case Number: XXXXX
Diagnosis:

A: Colon, transverse, partial colecto
Tumour Histelogic Type: invasive aden

Histologic Grade: moderately differen
2 of 4)

Tumour Location: transvers colon

Depth of Invasion:

~Through muscularis propria and into
and pericolic

soft tissue WDO-3
Lymphovascular Invasion: not identifi

Perineural Invasion: not identified

Margins:
Proximal margin: negative
Distal margin: negative
Mesenteric margin: negative

Distance of carcinoma from closest ma
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Information Extraction in Computational Pathology

Al Assisted
Clinical Decision

Tissue Slide Whole Slide
Acquisition Preparation Scanning

Paige Prostate Nabs
First FDA Approval of
Al-Based Pathology
Tool for Cancer
Diagnostics

140,000px

HE Stained FFPE Tissue Slide

<
<

Block preparation . .
Addition of dyes 0.25 microns per pixel

Example Independent validation study of PAIGE Prostdtanan Christopher, Jillian Sue, Leo Grady, Thomas J. RatasChandarlapatyJorge S. Relslho, Paulo G O Salles, Leonar
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ML Problems in Pathology

Given training data of routine WSils,
Can we predict:

Normal or Abnormal?
Classification

Grade?
Regression
Tumour Regions?
Segmentation
Quantifying cells
Quantification
Receptor Status?
Classification
Mutation Status?
Classification
Survival?
Drug Response?
Similar images?
Retrieval
Biomarkers?
Pattern Discovery

Spectrum of Mundanity

Asif, Amina, Kashif Rajpoot, Simon Graham, David Snead, Fayyaz Minhas, and Nasir Rajpoot.

dUnleashing the Potential of Al for Pathology: Challenges and Recommendati@ns
Journal of Pathology 260, no. 5 (2023): 6BA. https://doi.org/10.1002/path.6168.

& @ P

IHC scoring Outcome based subtyping Mutation status

Flr.idln.g tumor Response to therapy MSI positive
Mitotic counting HPV positive



e
P | Colonic Biopsy ScreeninG¢B) o
PG . : Is this colorectal tissue sample:  pathiake
A Normal?

A Abnormal?
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Graham, Simon, Quoc Dang Vu, Mostihanifay Shan E. Ahmed Raza, Fayyaz Minhas, David S

YR bl &A Khewlod2Ild2AR YodNe@d: Muliask Learning Enables Simultaneous Histology N s - : £ - 3

Image Segmentation and Classificatidr¥ledical Image AnalysjisNovember 112022 102685. 8 B - - 11
https://doi.org/10.1016/j.media.2022.102685. B B - ~ s o




What do Risk and WSIs share?

Whole slide images are graph®outubevideo), Fayyaz Minhas

Lu, W., Graham, S., Bilal, M., Rajpoot, N. and Minhas, F., @a@@uring cellular topology in mukgigapixel pathology images. In Proceedings of the IEEE/CVF Conference on Compiter
Vision and Pattern Recognition Workshofygp. 266261).

Lu,Wenqi Michael Toss, Muhammad Dawood, Emad Rakha, Nasir Rajpoot, and Fayyaz 8lideGtaphk: Whole slide image level graphs to predict HER2 status in breast
cancer."Medical Image AnalysiS0 (2022): 102486.
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How does a graph neural network layer fuse information?

A Input: A Graph with node and edge level features

A Output: A Graph with (transformed) node and (possibly)
edge features

A Graph layer: transform the representation of the input to a
new representation in a learnable/trainable fashion

A The GNN layer transforms the feature representation of each
node as follows:

A Where am I? Generate context for each input node

A Node pair transform:  Transform features of each node connected
to an input node and the node itself while taking pairwise edge
information into account (using a neural network)

A Aggregation: Aggregate information of neighbors of the node to
provide the local context in the form of a fixed dimensional feature
vector (max, sum, average, etc.)

A What should | become? Transform each node in the context
of its neighbors (using a neural network)

A Lesson:
A GNNs Can fuse information across space or nodes

N(@) =

Neighbor set
of node i

¢@ NN @
Transform pairwise Aggregation
neighbor information Mechanism

l
® xgl—l) ¥ < ) .NN o
Transform in context X; ®
Input feature S : .
representation . Output feature
of node i representation

of node i

! -1 1-1) (-1
xP:yU)(xg ):®jeN(i)¢(l)(xg ),x](. )'ef'i))

Whole slide images are graph¥outubevideo), Fayyaz Minhas
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TISSUE IMAGE ANALYTICS
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of Normal Endoscopic Large Bowel Biopsies with
Interpretable Graph Learning: A Retrospective Stduigut, .
May 12,2023.https://doi.org/10.1136/qutin2023329512  HhEdtofy

Automated Classification:
Abnormal (Hyperplastic)

Leading to up to 33% reduction
in review of normal slides at 99%
sensitivity



https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512

MesoGraph : subtyping
mesothelioma
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Multicentric Cohort
St. Georges: n=234 Mesobank: n=258
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MesoGram

\ Core Level Subtyping A
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- Cellular Morphology -/
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Mesothehoma ‘ Dlagn05|s and subtyping GNN Predictive Model "
Asbestos G o e e / \\ / \ Patient Stratification Y.
Mesothelioma Patients Training & Validation Data MesoGraph Pipeline MesoScore Analytics

M cacer  Artificial Intelligence for Early

b U Detection of Mesothelioma https://mesograph.dcs.warwick.ac.uk/

Eastwood, Mark HebaSailem SilviuTudor Marc XiaohongGao, JudittOffman EmmanouiKarteris Angeles Montero Fernandez, et
oMesoGraply ! dzi2YIl 0AO t NRFTAfAY3I 2F asSaz2iKSslEReprsIMedicidiona. ® (O8éber D, AR
https://doi.org/10.1016/j.xcrm.2023.101226
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https://doi.org/10.1016/j.xcrm.2023.101226
https://mesograph.dcs.warwick.ac.uk/

WSI graphs to predict patient survival

Kaplan-Meier estimate

e ] A ‘ 1.0 1 —E
Longerl survival time o > |
' : o 58 —
0.9 T

0.8 A 1—‘_|

%71 — High I

— Low
06 L T T T T T T T T
0 500 1000 1500 2000 2500 3000 3500
timeline
High
At risk 123 94 55 33 24 19 16 11
Censored 0 24 60 78 86 91 93 98
Events 0 5 8 12 13 13 14 14
Low
Atrisk 83 63 40 22 11 7 4 0
Censored 1 21 42 60 71 75 78 82
Events 0 0 2 2 2 2 2 2

Mackenzie, Callum ChristopheMuhammad Dawood, Simon Graham, Mark EastwoodFayyaz Minha® a b SdzNI} f DNJ LK a2 RSt f Ay3 \F 2/K2f S/ f&
{ dzNIDA @ t Procegdingsyoiahe £irstlLgarning on Graphs ConferdBck48:10. PMLR, 2022itps://proceedings.mlr.press/v198/mackenzie22a.html

Engineering and
Physical Sciences
Research Council


https://proceedings.mlr.press/v198/mackenzie22a.html

Given:Expression state of thousands of genes across patien

- - Problem:Very high dimensionality of gene expression data
Cross-linking WSI Goal

- . We want to discover a small number of coherent, shared
PatternS Wlth O mICS expression programs across patients

Algorithm: Correlation Explanation | sE%Yu)go
Intuiton: 4 CAY R YS f 1 dSyd ¥l OlGz2N&
& 0KS RSLISYRSYOS | ONRaa

Gene Expression Sensing

(!p Eatient Data from a Breast Cancer Tumor Bulk Sample
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the presence/absence of a shared transcriptional programme across patients.

Dawood, Muhammad, Mark Eastwood, Mostd&hanifarLawrence Young, Asa Bdar, Kim Branson, Louise Jones, Nasir Rajpoo

YR Clé&eéell dzZ Crossliking BraasiNdncaThayskripténtr States and Tissue Histolag@ell Reports Medicine GSK
4, no. 12 (December 19, 2028)ips://doi.org/10.1016/].xcrm.2023.101313



https://doi.org/10.1016/j.xcrm.2023.101313

ML Guided Spatial Gene Expression Profiling from bulk transcriptomic data using WSIs
Lesson: Finding latent factors of data can be very beneficiall

https://tiademos.dcs.warwick.ac.uk/bokeh app?demo=HIGGsXplore

Dawood, Muhammad, Mark Eastwood, Mosta&hanifarLawrence Young, Asa Bidor, Kim Branson, Louise Jones, Nasir Rajpoo
IyR Cl&el 1l dz [CrgssLivking BraasiinoaThayskripténtc States and Tissue Histolag@ell Reports Medicine T

4, no. 12 (December 19, 2028)ips://doi.org/10.1016/].xcrm.2023.101313
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