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Case Humber: XXXXX

Diagnosis:

A: Colon, transverse, partial colecto
Tumour Histologic 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
Lymphavascular Invasion: not identifi

Perineural Invasion: not identified

Margins:
Proximal margin: negative

Distal margin: negative

Mesenteric margin: negative
Distance of carcinoma from closest ma
(specify): 6.6 ¢ to

the closest distal margin of ressctin Blomedlcal
Data

Predictive &
Prognostic
Insights

Al and ML to help discover and understand biology and pathology
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AAI for Biology

Liquid Chromatography
Tandem Mass Compounds and

—> —> their

Spectrometry concentrations
(LGMS/MS)

RAMClustSpectraimatchingbased annotation for
metabolomics data

Nucleic Acids Research, 2020 1
doi: 10.1093nar/gkaa2 19

Machine learning predicts new anti-CRISPR proteins

_/ Simon Eitzinger'f, Amina Asif2%1, Kyle E. Watters', Anthony T. lavarone?, Gavin J. Knott',
Jennifer A. Doudna “1:5:5:7:8:9." and Fayyaz ul Amir Afsar Minhas® %"

Prediction of Protein Interfaces, DruBrotein Interactions and Protein
Function(Anti-CRISPR proteins, AMicrobial &Hemolyticpeptides,
Amyloid & Prion activity, Phage antibacterial proteins)

AAI for Pathology & Diagnostics
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aintings by two different painters
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And this?

learning from data for generalization to unseen cases
inductive inference

AVaVA



orkflow: Conventional Histopathology

Clinical
Decision

Tissue Slide Conventional
Acquisition Preparation Microscopy

Small bowel biopsy worksheet

Block preparation
Addition of dyes

HE Stained FFPE Tissue Slide

Oter spaciy).

Cases: PT. Name: Unit#: Date Pathologist's nome:
Cilnical information Diruse
None provided Ftchy
Fue out cosliac disease )
Previous diagnosis of cosliac disease X, Intraepithelial lymphocytes (IELs)

Hormal (i to 30 per 100 epithelial nuclei)
Increased. specify: mild, moderate, severs, focal, diffuse

Type of mucosa
Duadenal X Lamina propria inflammatory cells
Jejunal Hormal
Increased. specify: plasma calls. eosinophils.
Numbor of biopsy pieces Iymphocytes, neuirophils
x

Adequacy of specimen oriantation

(At feast 4 consecutive woll anented crypt-villus wnits)

No

Gastric metaplasia
Present
Absent

Subepithelial collagen
Hormal

Villous length Increased
Nomal
normal Xl Diagnosis
‘Cannot be aetermined Smallintestinal mucosa, histokogically unremarkable
Focal chronic inflammiation with of whaut focal
Crypt length intraepilhelal ymphocytes, nanspecific
Nomal Diffuse irfraegith elial lymphocytosis. norma vil,
Exongated consistentwith coelias disease [WARSH-1)
snonensa o

Cryptta-villus ratio
Nomnal 1.3~ 1:5)
Abnormal (specity)

Villous atrophy
None

consistent with coeliae disease (MARSH-2)

cansistent with cosliac

Subtatal villous atraphy, crypt hyperplasia and Iniraepitnelial
cansistent with coskiae . )

Total vilows atrophy, coypt hyperplasia and intraepitheial

Villous sirophy, crjpt ypaplasia and intiaepheliallymphorytosis,

Total
Sublotal eonsistent with cosliac disease (MARSH.4)
Partial Other(specity




Workflow: Digital Pathology

Clinical
Decision

Tissue Slide Whole Slide
Acquisition Preparation Scanning

100,000px

A Good concordance with slide based
clinical decision making based on
equivalence studies

A However:digitization of glass slides
alone does not resolve the pressures

| of an increasing workload on a
Block preparation e e e . .
Addition of dyes 0.25 microns per pixel diminishing workforce of pathologists

140,000px

HE Stained FFPE Tissue Slide

<

tFAYS . f

Example equivalence studieSnead, David R. J., Y&ah Tsang, AisHdeskirz t SGSNJ Y® YAYlFYASZ wAOKIFINR / NRa&YlIyYy> bl aAN ad\wlalL
thdK2t238 LYF3IAYI T2N t NAHSopaEoldgyssi o271 Juné ROA 6): A @R, Ottpd:/dE.dvd/18. Y1 2187%. A2@70
lFyylrs aliiKSg DO zA002N 9@ wSdziSNE aSSNI wo | I YSSRIde Ima§i®) Equivalency ghd Efficiensyi-Stady? KA |y 3
Experience at a Large Acade@enteddé a2 RSNY t I G K2 2 3 & ¢28. htths:/goR2od/16. 103BMAA7819020%b0 Y dmMc

{A3SE T geN



https://doi.org/10.1111/his.12879
https://doi.org/10.1038/s41379-019-0205-0

Workflow: Computational Pathology

Al Assisted
Clinical Decision

Tissue Slide Whole Slide
Acquisition Preparation Scanning

https://info.paige.ai/prostate

70% reduction in detection errors

Proven to significantly improve pathologist sensitivity and in the ate cancer with an average 70% reduction In detection

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
aSRSANRA RIF {Af@FX /FNI2&d DAf CSNNBANI I YR 9YAf A2 icadBehdSftar ArtificaNdeligehceTodl WithiR SDiglay R S
5AFAy28a0A0 tlGK2t238 [F02NIG2NRE 22N] Ff206dé W2 dzZNIKROT6. Bits:/Hoiforky/§0x1200/ICORPLMOIBAR Sipl.eadp7H. Y 2

N ARI/GAZ2zYy 2F t
W AdzLAIE éal-éan


https://info.paige.ai/prostate

NGS/RNASeq Spatial Tx

: 000 |1

Molecular Status (MSI, CIN etc)
Mutations

OMICS OMICS Gene Expression
Preparation Profiling

Tissue Slide Whole Slide Al Guided
Acquisition Preparation Scanning Pathology

100,000px

REPORT

-

HE Stained FFPE Tissue Shide

140,000px

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
aSRSANRA RIF {Af@FX /FNI2&d DAf CSNNBANI I YR 9YAf A2 icadBehdSftar ArtificaNdeligehceTodl WithiR SDiglay R S
5AFAy28a0A0 tlGK2t238 [F02NIG2NRE 22N] Ff206dé W2 dzZNIKROT6. Bits:/Hoiforky/§0x1200/ICORPLMOIBAR Sipl.eadp7H. Y 2

N ARI/GAZ2zYy 2F t
WaAdzLAI o al €1pH N



. . O d
200 400 600 800 1000 1200

Tissue Slide Spectral Al Guided
Acquisition Preparation Pathology

HE Stained FFPETlssue élide

Example Independent validation study of PAIGE Prostdtanan Christopher, Jillian Sue, Leo Grady, Thomas J. RatasChandarlapatyJorge S. Relslho, Paulo G O Salles, Leonar
aSRSANRA RIF {Af@FX /FNI2&d DAf CSNNBANI I YR 9YAf A2 icadBehdSftar ArtificaNdeligehceTodl WithiR SDiglay R S
5AFAy28a0A0 tlGK2t238 [F02NIG2NRE 22N] Ff206dé W2 dzZNIKROT6. Bits:/Hoiforky/§0x1200/ICORPLMOIBAR Sipl.eadp7H. Y 2

N ARI/GAZ2zYy 2F t
PAdzLAIK  dal &yqHn



Why Is applying Al to pathology a good
idea?

What percentage of cells in this sample are fat cells? \/\/



How does ML work?
st Ay ATy
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https://ora.ox.ac.uk/objects/uuid:9e34d4e6-c677-4380-9403-759808b349aa

How does ML work?
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Representation or Feature Space

Brownness |
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https://ora.ox.ac.uk/objects/uuid:9e34d4e6-c677-4380-9403-759808b349aa

f(X) = %+%+8 =0 f(X) =-1.5%+%-12=0

Size

¢ PositiveTumor Cell ﬁ 4

e QOther Cell

Brownness

f(X) = WX twox+b = 0

Goal is to be able to generalize to unseen data
With Deep Learningg S R2y Qi S@SYy YySSR (2




Exercise

16

Deep Learning: From Philosophy to AGI University of Warwick



Exercise

17
Deep Learning: From Philosophy to AGI University of Warwick




Exercise

18

Deep Learning: From Philosophy to AGI University of Warwick



Doing It interactively

w1; el 1
w2; el 1
h: e— 0

AND Classification Problem

® trace 0
— trace 1
1.5
1 o H
0.5
0 @
-0.5
-1
-1 -0.5 0 0.5 1 1.5 2

https://foxtrotmike.qgithub.io/CS909/ANINEURON.html

Deep Learning: From Philosophy to AGI

University of Warwick

19


https://foxtrotmike.github.io/CS909/AND-NEURON.html

But what if we have a linearly inseparable problem®

Deep Learning: From Philosophy to AGI University of Warwick 20



Machine learning and deep learning involve discovering
meaningful representations of input data and then using
these representations to partition data for various tasks

Deep Learning: From Philosophy to AGI University of Warwick 21



Why Is applying ML to pathology a good

Idea? Business Need

35%

APathologist Recruitment
AAging workforce
ASubijectivity

ATime & Effort in
Quantification

G X g2N] F2NOS OSyadza FTNRY
Pathologists showed that a quarter of all fPatolgiss
histopathologists are over 55, most of whom are

expected to retire by 2023. Furthermore, antiatie low o0y cetgnd
number of trainee doctors are choosing to specialize in
pathology with only 3 percent of NHS histopathology
departments having enough staff to meet clinical
RSYIl yR®E

30%

25%

20%

15%

10%

Percent waiting >62 days

Dec 2009
Jun 2010
Dec 2010
Jun 2011
Dec 2011
Jun 2012
Dec 2012
Jun 2013
Dec 2013
Jun 2014
Dec 2014
Jun 2015

%’”“:
é'
%

Qw
Percent waiting >62 days from urgent GP referral to .

first treatment for cancer

Cancer waiting
time target only
met in one month in

7> years

n v & NN 0 0 0 0 OO H o
— =" A+ HA H o+ H o+ NN NN
o O 0 OO0 o0 o o0 oCc o o o o
NN NN AN NN NN NN NN
LV E Y C YW CcC Y Cc YU c Y c Y
¢ 3 0 535 @ 3 ¢ 3 O 3 O S @
o0 "0, 0™=>"0mA0ma0

fS3s 27
HISTOPATHOLOGY The Royal Colle
WORKFORCE SURVEY 7 Pathology: the scien

https://thepathologist.com/insidethe-lab/beyonddigital

569

an almost irresistible claim for damages for
ncgligence,

KENNETH § MULLARD
Bletchingdon, Oxen

BRITISH MEDICAL JOURNAL VOLUME 282 14 FEBRUARY 1981

Staffing crisis in pathology

SiR,—We are writing 10 express concern that
the hods of teaching pathology to under-
graduate medical students are both qualita-
tvely and in outlook inappropriate for current
demands. Pathology is the study of discase
and as such is the basis of all medical practice.
It is the one subject which encourages the
strict  discipline of the scientific method
together with the cmpirical art of medicine
1o explain the clinically observed patterns of
discasc behaviour. There is an increasingly
scientific approach to medicine which needs
to be reflected in and emphasised by expansion
of undergraduate teaching of pathology. The
size of undcrgraduate classes recciving in-
struction in pathology is generally increasing
and there is a scrious lack of frst-hand
experience of practical pathology. At a debate
during the recent Pathological Socicty mecting
(9 January) many of the senior academics
admitted that large classes were exerting an
increasingly detrimental effect on the teaching
of pathology. As a direct consequence
pathology teaching is in a decline; and the
subject is becoming, apparently, more remote
from the clinical practice of medicine.

We are concerned that the input to pathology
training posts should be not only quantitatively
but also qualitatively optimal 10 mect future
demands. We strongly support Professors
J R Anderson and ] R Tighe (15 November,
p 1370), vtho have pointed out that, although
the diate bl in hology is a
scarcity of u.nubl) trained »ndmduah for the
farge number of consultant posts shortly 0
become  vacant  through  retirement, the
problem in the future will become compounded
by the shortage of SHO and registear posts 10
feed the scnior registrar grade. However,
further factors should be considered and
include that undefined proportion of thosce
entening the junior grades who will not
complete their higher specialist training in
pathology. We also feel thar it is extremely
important that sufficient posts should be
available within pathology departments to
provide opportunities for those primarily
working in other specialties to bencfit from
a first-hand experience of pathology, There-
fore we further emphasise the urgent need
for an increase in posts at the SHO and
registrar grade. It s important, however, to
avowd focusing o this single measure as being
the answer to the future security of pmhology.
It is evident to us, from personal communica-
tions with 1hc dxrcc(on of pathology in many
of the und: hing depar
that there 15 widespread concern to provide
undergraduates with a proper exposure to
pathology. We believe that medical students
should have the opportunity to receive
pracucally based wutorials in all branches of
pathology. Pathology should be taught as
being directly relevant to the clinical situation,
In particular, we believe that the gencral
principles of pathology should be introduced
from mc carlicst stage of the undergraduate

In additi the teaching of
pathology should be combined with the
teaching of anatomy, histology, physiology,
and biochemistry, Symington has stressed the



https://thepathologist.com/inside-the-lab/beyond-digital

Why Is applying ML to pathology a

good idea?

Given training data,
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

- & ¥

::Ijlcds?cortlng Outcome based subtyping Mutation st'at.us
inding tumor Response to therapy MSI positive

Mitotic counting HPV positive




A case study




The problem

AColorectal Cancer

Who it affects

3rd

18,789 cases in men and
15,236 cases in women in 2014

much higher

845

Early detection of bowel cancer

Diagnosis

The earlier a cancer is diagnosed the better the chances of survival:

Stage 1 cancer Stage 4 cancer

98 % 44% 35%

Routes to diagnosis in 2013

0%

of bowel cancers were
diagnosed through screening through GP referral through two week wait

https://www.gov.uk/government/publications/healthmatters-preventingbowel
cancer/healthmattersimprovingthe-preventionand-detection-of-boweklcancer

cancer is more
likely to be detected
at an early stage

via screening or via
a two week wait

GP referral

by emergency presentation




Bowel Cancer Screening

Aln England, screening is offered every 2
years for men and women aged 60 to 74 (c
above on request)

AgFOBtest (replaced bty( —aecal

A
A

mmunochemical Test (FIT)
~ollowed by Colonoscopy

Pathology Examination

AEndoscoTpic biopsies from the large bowel
or 8% of the requests in NHS cellular

account _
pathology laboratories.

A Of these samples, approximately 40% are

reported as normal

For every
aaaaa d 285 will
ave a normal resu
h al It
aaaaa d 14 peopl
Screened will have poTyep:
(g Fo Bt) For every and may need
) WhO to have fL'J-lrther
.................... tests such as
tieitieeirititeiaeit colonoscopy
I have bowel scope By . -
HEHHHHHHHH A LiE has cancer and wil
B T
titiiteiiieiiiie o

will have an
abnormal result
which may require follow

Total Slides

DDDDDDDDDDDDDDDDDDDDDDDDD
NNNNNNNNNNNNNNNNNNNNNNNNN
T e Tme Mme e Tme Tme Teg el T Mm Tl T Tl Te Tel Tee e T e T e e el Tee

DDDDDDDDDDDDDDDDDDDDDDDDD
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PathLAKE CoBl Project

AWIBGI
A2 S O2dZd R aaONBSY
abnormalities using Al based
computational pathology
algorithms using whole slide images
as input

AWhat do we need for this?

ATraining and validation data with
labels

ADevelop algorithms

Commercialization

Al Algorithm
Development

Petascale Data

Management

Education and Train|g

Computational Pathology Excellence

Special thanks to all the funders, researchers and collaborators for support and
involvement in the work presented on these slides
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Data

@ Normal @ Non-neoplastic () Neoplastic @ Number of cases T2 Number of Slides [l Scanner details

Training & Validation

éah 2080
= 5054
GE Omnyx
= MPP: 0.275

r

b. South Warwickshire
External Test

159 %

257 T
3DHISTECH et

MPP: 0.139 (Il

c. ESNE
External Test

dah 148

iy 148
3DHISTICH
Bl mpp: 0.1222

UHCW used as primary development set colorectal (colonoscopy) biopsies were audite
over a 5year period from 2012 to 201 Teviewed by 13 pathologists with diagnostic

consensus

d. IMP diagnostics center

[ White

External Test

Age

1l

37%

e <20 e 41-60 >80
e 21-40 61-80

Ethnicity

000

Wmw BME 9 Not Stated [0 Male e Female

904 &%
1131 =
Leica GT450

MPP: 0.263 I,—“—I

Transverse Colon: 9.7%

Ascendig®Colon: 18.8%
%6°0Z :u0j0) Suipuadsag

Caecum: 7.5%
Others: 10.2%

Sigmoid Colon: 16.2%
Rectum: 16.5% 28




Two Flavours of CPath

Lesser annotations needed
Multi-modality integration
Versatility of scientific questions

p
Cerberus m Pros and Cons (for TePown Style)

Large(r) amount of WSIs
Poor interpretability & explainability
Robustness
Impact of confounders

| |

S~

TIAToolbox

TISSUE IMAGE ANALYTICS

Patch Level Image
Classifier

sl1010e] asuodsal pue [eaibojoyredoaiulld Jo Bulepoy umoqg-dol

A Feature Mining
A Segmenting histological structures
A Detecting nuclei and Classifying cells é

Patch Score

Bottom-up detection & characterization of histological primitives

’ . - Aggregation
A Getting annotations (nuclear, regional) m
v
WSl-level Prediction WSl-level Prediction
o
CoNiC &
l 3 ' ;i‘:.
Challenge 2022 L pe g :
SlideGraph+: HER2/ER/PR Status: S
Graham, Simon, Quoc Dang Vu, MostidhanifaE  { Ky 9® ! KYSR wli X Cléétl aAyKFI&Z 51 AR {TasSlleariing Englifes ith G A WS vdz2 LR RA D2 62 FYS w¥YR3E [ S§IVEYilL aARYSORR AtA 8AAT FGA2Yy dE a sk
November 11, 2022, 102685. https://doi.org/10.1016/j.media.2022.102685.
Pocock, Johnathan, Simon Graham, Quoc Dang Vu, Mdsthémifay Srijay Deshpand&iorgosHadjigeorghiod ! Rl Y { K S MKTodias aSEndoldfyd® ¢ Ao NI NB F2NJ ! RO yOSR ¢A&adzS LYF3AS ylteda ¢ FdA2ya aSRAOA

2022): 14. https://doi.org/10.1038/s4385®22-001865.

Lu, Wengi, Michael Toss, EmBekhZ b & A NJ wl 2 LJ2 2 (i SlideéGyapb YC Izele2 (1S a{AfyAKR S oL Y6F 38 [ $05t DNI LKa& G2 t NBRAOG | 9 whthliakii.ozitabskog10.06N% | A (
Bilal, Mohsin, Shan E. Ahmed Raza, Ayesha Azam, Simon Graham, Mohammad llyas, lan A. Cree, David Snead, Fayyaz Blitthas, andNa L)2 2 @ a5S @St 2 LIYSyd FyR It ARFGAZ2Y 2F |
tlTdKgle&a FyR YSé adzildA2ya Ay /2t 2NBOGI ¢ / | yTOeS hidcet Digital Health deli 22 yD@cemblerdl [i2D21)2e2a2. hitny/Id@.&@19.1016/SwsS G N@ 230840 A @S { G dzRé dé
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fe
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http://arxiv.org/abs/2110.06042
https://doi.org/10.1016/S2589-7500(21)00180-1

Pre-processing and Image QC

AStain variation normalization

Almage quality control
ABlur detection
ALoss of cover slip
ATissue folding
APen Marking

30



HistoQc Table Chat  Image

filename T comments levels
TCGA-D8-ALI-01Z-00-DX2.E688E270-26C3-43EC-BC26-268FEB74A31D.5vs 4
TCGA-D8-A1))-01Z-00-DX1.2986b48f-b295-4073-b778-ce829¢df9c38.5vs 4
TCGA-D8-A1JJ-01Z-00-DX2.7D20F 308-7DC6-4367-9459- 3AC4CE54E7F T 5vs 4

7

height
61772
29863
74635

width mpp_x
101591 0.2527
84727 0.248

83663 0.2527

n‘,./

_ FEgA e AL 01200 0 Fi0 AR

AN AN OER L) $5043% )

0.2527
0.248
02527

8 e(“wed fifled . |
reat ! ! | tsSUeTSN issue ! GE St sk NiSL \ygE Nist, \aop WISt nurast
MagnifeatEt matkerdip ORI ok percent SMEaicent STRaicent BN, oinet mplatel Npiane? Winyane NG satet REelson (o8 contiart

About  Instruction m

Magnification pen_markings coverslip_edge nonwhite dark percent
40 0 0.010239647505201746 0.37570282730202764  0.0000585859410060789 0.0z 5
40 0 0 0.40365625618646767  0.00038530934420148993 0.0z

40 0 0.02097230770845992 0.6022809295769842  0.0069632641758784015 0.0z !

L s’

S o 0ss . 9,
oo _bm{‘,‘{;f.%‘_wf_‘“‘{;ﬂx_w{\‘,‘;f\‘i

00&

»

YUV
o

Copy

Save

Delete

Deselect

YUY s YOV
f,‘??hani- m&&c“‘—wﬁg
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JanowczykAndrew, ReZuq Hannah Gilmore, Michael Feldman, and Ardatdabhushi HistoQC An Open

{ 2dz2NDOS vdzZl t AG& /2y iNRT

https://doi.org/10.1200/CCl.18.00157

SCOXAinical @aNderdnfoanadd@pfil 16, 2069K 2 f 2 3 &
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https://doi.org/10.1200/CCI.18.00157

Semantic Annotation Guidelines
oo

" i lUDD
Pathologist Observes y K .
Structures, Patterns, Diagnosis/Prognosis
Image Morphology (e.g. Grade, Outcome)

g T
I’
l

Preprocessing Machine Learning

S

A

A

\

e
-

Pathologist Annotates
Regions and Cells

9 Interactive Objectives 2
o Annotations.
o
o

Diagnostic/Prognostic

Distribution Igorithm

Annotation Dictionary
7 6 5 4 (o)
p e/ (o
p « O G pu - =

Degree of Annotation Annotation Selection of
Annotations Constructs. Levels Annoctation Software

Wahab,Noorul, Islam MMiligy, Katherine Dodd:larvirSahota, Michael Toss, Wenqji Lu, Mostihanifay
S Lt a{SYIYGAO !'yy2ilGA2y F2NI/2YLJzil dA2y It tlGK2t23@Y adzZ GARAAOALI A
wS 02 Y YS y Rhelaugngl af ®athology: Clinical Researtths:/doi.org/10.1002/cjp2.256



https://doi.org/10.1002/cjp2.256

