Digital pathology - Use in breast
pathology reporting

Professor D Snead
UHCW NHS Trust Coventry
and
University of Warwick



Disclaimer

* Philips computational pathology board



ital Pathology

I8

D

’
’

CRISLRIRIeIRI 0




UHCW Digital Pathology Validation Study

Did DP and LM give same Was DP and GS reported by same
diagnosis pathologist? Total

Yes No
Yes 981 (32.5%) 1964 (65%) 2945 (97.6%)
No

No clinical difference 19 (0.6%) [11, 8]t 32 (1%) [14, 18] 51 (1.7%) [25, 26]
Clinical difference 9 (0.3%) [1, 8]t 12 (0.4%) [8, 4]t 21 (0.7%) [9, 12]t
Total 1009 (33.4%) 2008 (66.6%) 3017

t The numbers in [square] brackets correspond to the number of samples where the ground truth is provided by
DP and GS respectively.
DP digital pathology, GS glass slides, LM light microscopy

Validation of digital pathology imaging for routine primary diagnosis
Snead, Rajpoot et al., Histopathology (Jun 2016)

35,000 cases reported on digital pathology to date



Specialty Cases
Breast 253
Dermatopathology | 539
ENT 257
GIT 405
General pathology | 487
Gynaecological 377
Lymphoreticular 166
Renal 94
Respiratory 197
Urology 242
Total 3017




Histopathology

Histopathology 2017, 70, B49. DOL: 1011 11/kis. 13210

Announcement

Roger Cotton Histopathology Prize 2016 :
DO 101111 /his 13210

The journal continues its tradition of awarding the
Roger Cotton prize for the most outstanding original
article to be published in Histopathology in a particular
year.

I am delighted to announce that the winner of the
prize for 2016 is first author David Snead for the
excellent paper “Validation of digital pathology
imaging for primary histopathological diagnosis
(Histopathology 2016; 68: 1063-1072)".

Congratulations to Dr Snead and his colleagues.

Main photo Left to right. K Gopalakrishnan, E Blessing, YW Tsang,
Alastair Burt B Sinha, DR] Snead, § Read-Jones, P Matthews, S Sah. Insert bat-
Editor tom Left © right: P Kimani, Y Yeo, A Meskiri, JA Cree,

Histopathology

The Roger Cotton Prize for
Histopathology 2016 is awarded to:

Validation of digitalpathology imaging
’ for primary histopathological diagnosis
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Memo from Public Health England
15 Sept 2016

Dear colleagues,istsiPHE is aware of rapid progress in clinical evaluation
of digital pathology, and that several trusts are planning large scale
implementation of this technology.istriThis is a very interesting
development that may well offer future advantages for screening
programme delivery. However, prior to implementation in a screening
programme context, we need to be sure that it is at least equivalent to
current methods. Therefore further evaluation, discussion and
specification are reqU|red.Ls_E_pJPIease be aware that primary reporting of
breast, bowel and cervical screening pathology specimens from a
scanned slide should not currently be used.isgiFurther guidance on

- d

implementation will follow as soon as possible.



Research Article

A Randomized Study Comparing Digital Imaging to Traditional
Glass Slide Microscopy for Breast Biopsy and Cancer Diagnosis

Joann G. Elmore’, Gary M. Longton2, Margaret S. Pepe?®, Patricia A. Carney®, Heidi D. Nelson®5, Kimberly H. Allison’?, Berta M. Geller®, Tracy Onega®,
Anna N. A. Tosteson', Ezgi Mercan™, Linda G. Shapiro', Tad T. Brunyé'2, Thomas R. Morgan', Donald L. Weaver ™
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Digital Pathology for the Primary Diagnosis of Breast Histopathological Specimens: An Innovative
Validation and Concordance Study

Digital Pathology Validation and Training

Dr Bethany Jill Williams!, Prof. Andrew Hanbym, Dr Rebecca Millican-Slater’, Dr Anju Nijhawanl,

Dr Eldo Verghesel‘z, Dr Darren Treanor'?

1. Department of Histopathology, Leeds Teaching Hospitals NHS Trust

2. University of Leeds

Diagnostic category Number ~of
cases
B1 (Normal tissue) 85
B2 (Benign lesion) 308
B3 (Lesion of uncertain malignant potential) 51
B4 (Suspicious) 5
BS5a (Malignant - in situ) 43
B5b (Malignant- invasive) 145
LB1 (No lymphoid tissue) 1
LB2 (Benign lymphoid tissue) 2
LBS (Malignant, metastatic carcinoma or other) 5
Other 29
Total 694

1.2% non concordance rate

Histopathology 2017
doi: 10.1111/h1s.13403




Am | Surg Pathol * Volume 00, Number OO, HE 2017

Whole Slide Imaging Versus Microscopy for Primary
Diagnosis in Surgical Pathology

A Multicenter Blinded Randomized Noninferiority Study

of 1992 Cases (Pivotal Study)

TABLE 3. Major Discordance Rates by Organ System:
Microscopy Versus Reference Standard and WSI Versus

Benign/atypical core needle biopsy: 50
Benign/atypical lumpectomy: 50

In situ carcinoma core needle biopsy: 49

In situ carcmoma lumpectomy: 50

Invasive carcinoma core needle biopsy: 50

Invasive carcinoma lumpectomy: 50

Study Design: non-inferiority

Verified by Enroliment Pathologists

Reference
standard

Determined by
Adjudication Pathologists

Determined by
Adjudication Pathologists

Major discordance rate Major discordance rate

WSI vs. Reference standard ¢ I ’ Microscopy vs. Reference standard
Primary Analysis
Diagnosis by
Microscopy

Made by Reading Pathologists

Confidence interval
Diagnosis by WSI-Microscopy <4%
WS

Made by Reading Pathologists

Reference Standard

Major
Discordance Between Microscopy and Between WSI and
Rate Reference Standard (%) Reference Standard (%)
<1% Peritoneal (0) Peritoneal (0)
Gallbladder (0) Gallbladder (0)
Appendix (0) Appendix (0)
Soft tissue (0) Soft tissue (0)
Stomach (0.5) Lymph node (0.3)
Lymph node (0.8) Stomach (0.8)
1%-4.9% Colorectal (1) Peri(anal) (1)
Kidney neoplastic (1) Colorectal (1.7)
Gastroesophageal Salivary gland (2)
junction (1.3)
Peri(anal) (2) Gastroesophageal
junction (2)
Salivary gland (3) Kidney neoplastic (2.5)
Respiratory (4.2) Respiratory (3.5)
Breast (4.3) Breast (4.2)
Skin (4.7) Liver/bile duct (4.6)
Endocrine (4.7) Skin (4.9)
> 5% Gynecologic (5.2) Brain (6.2)
Liver/bile duct (5.6) Gynecologic (6.3)
Brain (5.8) Endocrine (6.5)
Bladder (6.1) Bladder (7.3)

Prostate (11.3)

Prostate (12)




Shide Tray | | Annotations (1) || Snapshots (1)

. Part A: Breast core bx left
Block 1
AL LEVL ! AL LEV3

13-25891 H13-25891, Hl.. ROU (no ID selected) 11/28/2013 »  AlLEV3
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Challenges for routine practice

Front and back end interface with LIMS needed
Develop scanning rules

Re-work laboratory protocols

Improve section quality and tissue mounting

Maintain streaming speed within the departmental security
protocol

Some things will still need glass
Polarisation

Cytology

Over sized blocks

Low grade dysplasia

X100 oil (scanty organisms)
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Crisis in pathology staffing

26% consultant posts vacant at the
moment

32% of consultants over 55 (615 due to
retire in next 5 years)

Many departments already send away
cases

Complexity of early cancer detection

Escalation of molecular testing and
companion diagnostics

Number of octogenarians is set to
double in next 10 years

“YTESTING TIMES TO COME?

AN EVALUATION OF
PATHOLOGY CAPACITY
ACROSS THE UK

NOVEMBER 2016

RESEARCH
» UK



What does digital pathology offer?

 Economic advantages
* Increase efficiency of pathologists
« Reduce turn around time to report cases

* Improved review of cases including MDT/Tumour board
review

« Quality advantages
« Reduced error rate
* Increased subspecialisation
« IHC scoring and indexing
« Tumour grading / dysplasia grading
« Cancer finder



Pre-allocation of specimens
Push system
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Improved workflow efficiency
Pull system

Sub-specialist
bench 1

Pathologist A

Pathologist B

Pathologist C

Sub-specialist
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Remote reporting

Workstations fitted with remote access to VPN
RSA token remote login
Ultra and Omnyx accessed through VPN

Dragon voice recognition installed on
workstation

Backlogged cases available to report
Report entered in and authorised
Additional requests made via LIS



Breast cancer pathway outline
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Breast core biopsies by result
category

Summary of Biopsy Results by classification

I
7

N=233



Indeterminate core biopsies

Patient | Core | Vacora | Surgical WLE
biopsy | Biopsy | biopsy
1 B3 B3
2 B3 B1/B2
3 B3 DCIS
4 B3 B3 B2
5 B3 B2
6 B4 B5a High grade
DCIS
7 B3 B2
8 B3 B1
9 B3/4 B3
10 B3 B1
11 B3 B2
12 B4 B5b Grade 2 Ductal
13 B4
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Breast core biopsy time to final
report

Core Biopsy
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PathCAD Systems

Image
Coding

Slide Scanner

Glass slides

Pathology
Report

/ \
Collation of ' ' \ Modelling &
Results \ o / Analysis

Computing Cluster




Digital pathology algorithms — main
applications

IHC Biomarker assessment
. ER, PR, HER2 & Ki67

Disease quantification and grading tools
« Cancer grading tools bladder, breast and prostate cancer
« Dysplasia grading tools cervix, head and neck

Rare event detection tools
* Prostate template biopsies
« Sentinel lymph node biopsies

Automation
 |[HC Biomarker assessment
« Endoscopic biopsies



The Digital Pathology Market
2012 2 $2.1 bn, 2013 > $2.2 bn, ... 2018 - $4.5 bn
(14.7% compound annual growth)

A BCC Research Healthcare Report

™
|

Report Overview

Digital Pathology: Technologies and Global
Markets

Feb 2014|+ HLC161A




Tubule formation
The Random Polygons Model

1. Glandular probability map

Bayesian inference of polygons

Sirinukunwattana et al., IEEE Trans Med Imaging (Nov 2015)

US patent application number
61452293



SANVIDIA,

Errors

DEEP LEARNING APPROACH

Train:
Deploy:




Experimental Results

Experiment: Warwick-QU Dataset (moderately & poorly differentiated tumor samples)

Sirinukunwattana et al., IEEE Trans Med Imaging (Nov 2015)



Input Images (RGB)

Stain Normalization
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A non-linear mapping approach to stain normalisation
Khan et al., IEEE Transactions on Biomedical Engineering (2014)



Stain Normalization Toolbox

Publicly available toolbox consisting of some of the leading algorithms
(including our own) for normalization of stain colors in histology images

WA KW/IC]( Text only | Notify | Edit | Sign out
& e - |

Department of Computer Science

Prospective Students Research Teaching &
Learning

Computational Biology and Bioimaging » Research » Bioimage Analysis » Software » Stain Normalisation Toolbox » = Download

Stain Normalisation Toolbox

The Stain Normalisation Toolbox contains MATLAB implementations of several existing techniques for stain normalisation of histological images.
Moreover, the toolbox also contains an implementation of the recently proposed stain normalisation algorithm developed in collaboration with Derek

Magee at the University of Leeds [3] (PDF).
m]? B
:' o | |
. . vty
http://www.warwick.ac.uk/bialab/software/sntoolbox
g |



http://www.warwick.ac.uk/bialab/software/sntoolbox

Mitosis algorithm
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Training Patches N Testing Patch \

B laiss SEL W &

class 1 class 2 . :

/

e Lcarning Cell Words N Sparse Coding N

based on learned dictionary

Discriminative Dictionary Learning Objective Function [ \Q
.
total intra-class inter-class > . R ¥ -+ G 4+ ...+
min | reconstruction +  reconstruction | + max | reconstruction AN K
error error error =«
Learned Class-Specific Dictionaries I
A 4

Bt " : -
-. - ‘ i LA , lassification \
E=TH . Ay q e based on sparse code
L2 e = o c

ol

4 reconstruction reconstruction
G . predicted | S, e
dictionary of class 1 dictionary of class 2 dlass: o error : €rror
NS class i g P o
class 1 dictionary class 2 dictionary

Khan et al., CMIG special issue on Breaki‘hrbugh Technologies in Digital Patho/logy
(2015)



MITOS-ATYPIA Challenge Contest

B Aperio [ Hamamatsu

Warwick
UNAL1
LIPADE1
CUHK-ZHEJIAN G | —
|
LIPADAE? =
0 20 40 60 80
Score

Winner of the MITOS-ATYPIA Grand Challenge Contest at
ICPR’2014

http://mitos-atypia-14.grand-challenge.org/results2/



http://mitos-atypia-14.grand-challenge.org/results2/




Relevance of deep learning to

facilitate the diagnosis of HER2

status in breast cancer

NTIFICREPORTS |7:45938|D0I:10.1038/srep45938
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Automated Her2 Scoring

- e . .
% P'atyhologl ' al Socnety

l’\ - rl' The University of
| Nottingham
Her2 Scoring Contest UNITED KINGCDOM - CHINA - MALAYSIA

Home | Background | Contest Registration | Contest Rules| Contact
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Welcome to the contest page of HER2 scoring in histology images. This challenge will be held
in conjunction with Nottingham Pathology 2016 (The Pathological Society of Great Britain & a l i) \ 2 7
Ireland). o G N
PATH,\_»
http://aidpath.eu 2

http://www.warwick.ac.uk/TIAlab/Her2Contest

Qaiser et al., Histopathology (in press)


http://www.warwick.ac.uk/TIAlab/Her2Contest

Her2 Scoring — Man vs Machine

Rank Team Name Score Bonus Score+Bonus
1 Team Indus 220 12.5 232.5
2 Pathologist 2 210 20.5 230.5
3 Visilab 212.5 15 227.5
4 MUCS (Ireland) 205 20.5 225.5
5 Pathologist 1 185 10 195
6 Pathologist 3 180 13 193

http://www.warwick.ac.uk/TIAlab/Her2contest/

Qaiser et al., Histopathology (in press)


http://www.warwick.ac.uk/TIAlab/Her2contest/
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Locating Metastasis in Breast LNBs

Qaiser, Rajpoot et al., submitted



Google Research Blog - CANMELYON
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The latest news from Research at Google ISBI challenge on cancer metastasis detection in lymph node

Home Background Rules Register Data Evaluation Submit Results Organizers Download Forum Program

% |nnovauon+you .. tra '?1 ST (D ?BO

Radboudumc UMC Utrecht
Cookie Policy| Feedback  INIREED] Wednesday. Nov 22n

Assisting Pathologists in Detecting Cancer with Deep ma‘lOn“ne o8
Learning = wn:.:"l_-- e

Friday, March 03, 2017

Posted by Martin Stumpe, Technical Lead, and Lily Peng, Product Manager

'W'_ ‘

Could computers diagnose cancer?
Artificial intelligence shown to spot
early signs of a tumour with 92 per
cent accuracy

+ Machine can sift millions of cells to spot just a handful of malignant ones

* Alalgorithm was trained using slides of samples of patients lymph nodes

* Human pathologists can diagnose breast cancer with 96 per cent accuracy
* When the machine and human combined, accuracy went to 99.5 per cent

By RICHAR UNE
PUBLISH & | UPDATED: 13:11, 20 June 2016

L
FERCEE =E % el

Computers could 5001 be helping to diagnose cancer in patients with the help of
artificial intelligence that has been trained to spots the early signs of the disease.

An Al machine capable of accurately diagnosing breast cancer 92 per cent of the

time has been ceveloped Dy researchers.

While it is still not quite 33 good as human specialists - who are correct 96 per cent
of the time ~ it suggests that Al could 5000 be used 10 speed up and improve cancer
screening
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Fig. 5. Left: a patch from a H&FE-stained slide. The darker regions are tumor, but not
the lighter pink regions. Right: the corresponding predicted heatmap that accurately
identifles the tumor cells while assigning lower probabilities to the non-tumor regions.

Could computers diagnose cancer?
Artificial intelligence shown to spot
early signs of a tumour with 92 per
cent accuracy

+ Machine can sift millions of cells to spot just a handful of malignant ones

« Al algorithm was trained using slides of samples of patients lymph nodes

* Human pathologists can diagnose breast cancer with 96 per cent accuracy
+ When the machine and human combined, accuracy went to 99.5 per cent

Tumor probability

0 8y RICHARD
PUBLISHED:

FERCEE=E 8

Computers could s00n be helping to diagnose cancer in patients with the help of
artificial intelligence that has been trained to spots the early signs of the disease.

16 | UPDATED: 13:11, 20 June 2016

An Al machine capable of accurately diagnosing breast cancer 92 per cent of the
time has been ceveloped Dy researchers.

While it is still not quite 33 good as human specialists - who are correct 96 per cent
of the time - it suggests that Al could $00n be used 10 speed up and improve cancer
screening

Fig. 6. Left: a patch from a H&E-stained slide, “Normal™ 086. The larger pink cells
near the top are tumor, while the smaller pink cells at the bottom are macrophages,
a normal cell. Right: the corresponding predicted heatmap that accurately identifles
the tumor cells while ignoring the macrophages.

Lefl
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Scientists have used machine learning to create an artificial intelligence system capable of



The White House Fakes Took Note

ARTIFICIAL INTELLIGENCE FOR COMPUTATIONAL PATHOLOGY

Image interpretation plays a central role in the pathologic diagnosis of cancer. Since the late 19"
century, the primary tool used by pathologists to make definitive cancer diagnoses is the
microscope. Pathologists diagnose cancer by manually examining stained sections of cancer tissues
to determine the cancer subtype. Pathologic diagnosis using conventional methods is labor-

7.5%
THE NATIONAL
ARTIFICIAL INTELLIGENCE
RESEARCH AND DEVELOPMENT
3.5% STRATEGIC PLAN
October 2016
0.5%
e

Top-Al Pathologist Top-Al

System + Pathologist
Al significantly reduces pathologist error rate in
the identification of metastatic breast cancer
from sentinel lymph node biopsies.




Pathologist + Algorithm

Pathologist Algorithm

Advantages Advantages
« Advanced ability to interpret * Accurately and consistently
cell types and tissue count numerous objects
architecture + Objective and consistent
+ Experience assessment of staining
Challenges Challenges
« Limited accuracy and » Lacks cognitive complexity to
consistency when counting robustly interpret
numerous cells/events nuances in cell types and
* Unintentional biases in Combination of tissue architecture without
assessment of stainin training data/input
Sl complementary 4 3
skill sets

Robust, reproducible, and quantitative
assessment of biomarker content in
the tissue context

Aeffner et al., Arch Path Lab Med (Sep 2017)



Digital image analysis outperforms manual iimoribirmoenEiniagsiiae
biomarker assessment in breast cancer R e

Gustav Stdlhammar!?, Nelson Fuentes Martinez!3, Michael Lippert4, Nicholas P Tobin®,
Ida Mglholm#%, Lorand Kis?, Gustaf Rosin!, Mattias Rantalainen®, Lars Pedersen?,
Jonas Bergh!:>®, Michael Grunkin* and Johan Hartman!®7

IDepartment of Oncology and Pathology, Karolinska Institutet, Stockholm, Sweden; 2St Erik Eye Hospital,
Stockholm, Sweden; 3Sédersjukhuset, Stockholm, Sweden; #Visiopharm A/S, Hoersholm, Denmark; °Cancer
Center Karolinska, Stockholm, Sweden; ®Department of Applied Mathematics and Computer Science,
Technical University of Denmark, Kongens Lyngby, Denmark; “Department of Clinical Pathology, Karolinska
University Hospital, Stockholm, Sweden; 8Department of Medical Epidemiology and Biostatistics, Karolinska
Institutet, Stockholm, Sweden and °Department of Oncology, Karolinska University Hospital, Stockholm,

Sweden
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Figure 2 Clustered box plot for Ki67 index (%) by each scoring
method in PAM50 Luminal A and B subtypes. Error bars represent
95% confidence interval. Circles represent outliers and asterisks
represent extremes. DIA, digital image analysis (n=214).




Digital image anaIVSiS OUtperformS manual MoDEeRN PATHOLOGY (2016) 29, 318-329
biomarker assessment in breast cancer R m————

Gustav Stailhammar®?, Nelson Fuentes Martinez!3, Michael Lippert?, Nicholas P Tobin3,
Ida Mglholm?#8, Lorand Kis?, Gustaf Rosin?, Mattias Rantalainen®, Lars Pedersen?,
Jonas Bergh!®9, Michael Grunkin* and Johan Hartman*’

IDepartment of Oncology and Pathology, Karolinska Institutet, Stockholm, Sweden; 2St Erik Eve Hospital,
Stockholm, Sweden; 3Sédersjukhuset, Stockholm, Sweden; 4Visiopharm A/S, Hoersholm, Denmark; *Cancer
Center Karolinska, Stockholm, Sweden; éDepartment of Applied Mathematics and Computer Science,
Technical University of Denmark, Kongens Lyngby, Denmark; “Department of Clinical Pathology, Karolinska
University Hospital, Stockholm, Sweden; 8Department of Medical Epidemiology and Biostatistics, Karolinska
Institutet, Stockholm, Sweden and YDepartment of Oncology, Karolinska University Hospital, Stockholm,
Sweden

Ki67 scoring method  Sensitivity for PAM50 Luminal Bvs A Specificity for PAM50 Luminal Bvs A Proportion misclassified

DIA invasive margin

Cutoff > 20% 84% 78% 20%

Cutoff >20.2%* 82% 79% 20%
DIA hot spot

Cutoff > 20% 90% 65% 24%

Cutoff > 25.2%* 86% 77% 19%
DIA average

Cutoff > 20% 60% 90% 31%

Cutoff > 15.5%* 80% 83% 19%
Manual

Cutoff > 20% 75% 70% 30%

Cutoff >22.5%* 74% 75% 29%

Manual scores retrieved from patient records.
* = Adjusted cutoffs.




Detection of uNK+Stromal Cells

« Ratio of uNK to stromal cells
IS a good indicator of
recurrent miscarriages

« Women with high numbers of _ o
. 'Crucial' new recurrent miscarriage

UNK cells are more likely to  insignt
have a live birth if given R
glucocorticoids in lieu of -
placebo

* Endometrial biopsy slides et
stained with Hematoxylinand 0770
DAB for CD56 to label the e
uterine Natural Killer (UNK) Quenby et al., J Clin End Met 2013
cells

eporter, BBC News




Automated ER & PR scoring

Simultaneous Automatic Scoring of Hormone Receptors in Tumour Areas in Whole Slide

Images of Breast Cancer Tissue Slides

Nicholas Trahearn®, Yee Wah Tsangl».c’

* Department of Computer Science, University of Warwick, United Kingdom

lan Cree’, David Snead”, Nasir Rajpoot’

Department of Pathology & © Centre of Excellence for Digital Pathology, University Hospitals
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Multi-IHC Analyser
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Deep Learning - Profiling Tumour

Microenvironment
* Cell recognition in large sets of whole-slide images

* Analytics for profiling the tumor micro-environment

Sirinukunwattana et al., IEEE Trans Medical Imaging special issue on Deep Learning in Medical
Imaging (May 2016)
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