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United States / Population

Pathologists: =
18000 (USA) (1/18K)
2200 (Japan) (1/58K)

327.2 million

Japan / Population
‘ 126.8 million (2017)
, - é ® Russia
' 142.8 million

. (2007)
/ o Japan

128 million
(2007)

¢ South Korea
48.68 million
(2007)



A serious shortage of pathologists and the need for pathology training
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Today’s talk (Digital Pathology and Al)

2. Digital Consultation improves
diagnosis

1.Introduction of Digital Pathology

The rise
of digital
pathologies

4. Introduction of
19t JSDP 2020 in Nagasaki




1.Introduction of Digital Pathology

Compare Slides
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Microscope = Digital pathology







Installat|on of 16 multlheaded m|croscope 2014/4










2. Digital Consultation improves
diagnosis

Therise

of digital
pathologies




If pathologists are not so good, the
prognosis of the patients will be..

A) Poorer
B) Same
C) Better




If pathologists are not so good, the
prognosis of the patients will be..

C)Better

Judgment of “Benign” is harder




(11 ' 7
Frequency of challenging cases

Nagasaki Univ Community Hsp

2010 2013 2010 2013
No of cases 8301 8828 4267 4101
pathologists 9 13 @ 2
double check no yes no no
suspected 42 115 53 215
suspicious 7 24 0 3
possible 3 16 0
probable 3 13 0
probably 416 106 0
471 274 53 220
percentage 6% 3% 5%

Depariment of Pathology, Nagasaki Untversity School of Medicine
Nagasaki: Edncational and Diagnostic Center of Pathology (NEDCTP) S
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A c Other diagnosis

(2" consultation)

\
COnsensus DX

Agreement with
1* consultation

COI'\SI.IltatIOI'I
(Finura 2C) naghnlnmsts

Cases with
“probable Dx"

20% of difficult cases may have
i wrong d|agn05|s'

Major
discrepancy

Complete
concordance Agreement with
Original Dx '

Agreement with
15t consultation

Minor
discrepancy

11%

Definite
Diagnosis




3. Artificial intelligence in Pathology




Research

JAMA | Original Investigation

Diagnostic Assessment of Deep Learning Algorithms
for Detection of Lymph Node Metastases
in Women With Breast Cancer

Figure 3. ROC Curves of the Top-Performing Algorithms vs Pathologists for Metastases Classification (Task 2) From the CAMELYON16 Competition

E Comparison of top 5 machine learning system teams and pathologists
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Deep Learning vs Pathologist

71.5%

The combination

,Of a pathologist
and the Beck Lab
deep learning
system reduces

5 error rate by 85% |
s to 0.5%. |

Our model Pathologist Our model
+ Pathologist

3.5%




Detection of Lung Cancer Lymph Node | Creck o updtes
The American Journal of

Metastases from Whole-Slide Histopathologic
Images Using a Two-Step Deep Learning Approach PATHOLOGY

Hoa Hoang Ngoc Pham,* Mitsuru Futakuchi,* Andrey Bychkov,*' Tomoi Furukawa,* Kishio Kuroda,* and Junya Fukuoka*
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From the Department of Pathology,* Nagasaki University Graduate School of Biomedical Sciences, Sakamoto, Nagasaki; and the Depariment of Pathology,'
Kameda Medical Center, Kamogawa, Chiba, Japan
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Macro-metastasis Micro-metastasis Isolated tumor cells



Difficult to remove pseudo-positive

Single step Double steps

Double s
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False-positive rate




Research Article

Correctly classified

-

images

Hindawi

Misclassified
images

(a) Adenocarcinoma
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Tumor% by pathologists...

Estimation result of cancer cell ratio
by nine pathologists

Ground truth
(correct answer)
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Estimated tumor cell percentage
[3] Alexander JJ Smits, et. al., Modern Pathology, 24 (2014) 168



Our routine Al: Tumor Cell Count workflow

Nuclel counting
by Image Analysis

Segmentation by Deep Learning




Validation: protocol of tumor cell count

Analysis
. Segmentation
+ Image analysis

Calculation of tumor cellularity

1120

Total cell Tumorcell  yumer cellularity:

33%

“Good”
more than 90% accuracy

“Fair”

70~90% accuracy

D

“Poor”
less than 70% accuracy
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Results: “Good” cases

- 8%

A B
o Average
| 70% deviation 1% __17%
60%
Deviation from gold
standard in each 50%
“excellent” case A A
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How do you think?
%0 of Cancer cells
(by nuclel)

D <5%
@ 5-10
® 11-15
@ 16-20
® 21-25
® 25-30
@ 31-35
® 36-40
© >41




28%

Tumor cellularity

Tumor

Others
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Prospective Data of
Al x Pathologist
Tumor Cell Counts

MILESTONE

100

Ratio-Path(%)

Ratio-Path vs Ratio-Final

0

10 20 30 40 50 60 70 &80 90 100
Ratio-Final(%)

» Good -« Fair e Poor
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Deep learning based tissue analysis
predicts outcome in colorectal
cancer

Dmitrii Bychkov!, Nina Linder'?, Riku Turkki(®?!, Stig Nordling?, Panu E. Kovanen®,
Clare Verrill’, Margarita Walliander?!, Mikael Lundin?, Caj Haglund®’ & Johan Lundin'-®

Image-based machine learning and deep learning in particular has recently shown expert-level accuracy
in medical image classification. In this study, we combine convolutional and recurrent architectures to
train a deep network to predict colorectal cancer outcome based onimages of tumour tissue samples.
The novelty of our approach is that we directly predict patient outcome, without any intermediate
tissue classification. We evaluate a set of digitized haematoxylin-eosin-stained tumour tissue
microarray (TMA) samples from 420 colorectal cancer patients with clinicopathological and outcome
data available. The results show that deep learning-based outcome prediction with only small tissue
areas as input outperforms (hazard ratio 2.3; C1 95% 1.79-3.03; AUC 0.69) visual histological assessment
performed by human experts on both TMA spot (HR 1.67; C1 95% 1.28-2.19; AUC 0.58) and whole-slide
level (HR 1.65; C1 95% 1.30-2.15; AUC 0.57) in the stratification into low- and high-risk patients. Our
results suggest that state-of-the-art deep learning techniques can extract more prognostic information
from the tissue morphology of colorectal cancer than an experienced human observer.



a Feature extraction & classification

Human Expert

SVM
Logistic Reg.
Naive Bayes
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' Recurrent
network
(LSTM;

Individual risk
score
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Probability
of 5-year DSS

Layer 1: 264 Istm cells
Layer 2: 128 Istm cells

Layer 3: 64 Istm cells

N
Probability of 5-year DSS



Digital risk score on TMA spots

== Low Risk == High Risk

Visual risk score on TMA spots

~~ Low Risk == High Risk
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Predicting cancer outcomes from histology and
genomics using convolutional networks

Pooya Mobadersany®, Safoora Yousefi®, Mohamed Amgad®, David A. Gutman®, Jill S. Barnholtz-Sloan®,

José E. Velazquez Vega®, Daniel J. Brat®, and Lee A. D. Cooper™"%!

=9
“Department of Biomedical Informatics, Emory University School of Medicine, Atlanta, GA 30322; "Department of Neurology, Emory University School of
‘ Medicine, Atlanta, GA 30322; “Case Comprehensive Cancer Center, Case Western Reserve University School of Medicine, Cleveland, OH 44106; “Department
of Pathology and Laboratory Medicine, Emory University School of Medicine, Atlanta, GA 30322; "Department of Pathology, Northwestern University

Feinberg School of Medicine, Chicago, IL 60611; "Winship Cancer Institute, Emory University, Atlanta, GA 30322; and “Department of Biomedical

- Engineering, Emory University and Georgia Institute of Technology, Atlanta, GA 30322

Edited by Bert Vogelstein, Johns Hopkins University, Baltimore, MD, and approved February 13, 2018 (received for review October 4, 2017)
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C Survival Convolutional Neural Network (SCNN)
Prediction error (negative log-likelihood)
Patient
Convolutional layers Fully connected layers survival

High power field
(20X objective)

A Genomic survival convolutional network (GSCNN)

Convolutional layers

Fully
connected
layers

Cox
model

Image data

Genomic data




Proportion surviving
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Table 1] AUC achieved by the network trained on mutations

(with 95% Cls)
Mutations  Per-tile Per-slide AUC after aggregation by...
AUC
... average ... percentage of positively
predicted classified tiles
probability
STK1 0.845 0.856 (0.709- 0.842 (0.683-0.967)
(0.838- 0.964)
0.852)
EGFR 0.754 0.826 (0.628- 0.782 (0.516-0.979)
(0.746- 0.979)
0.761)
SETBP1 0.785 0.775(0.595- 0.752 (0.550-0.927)
(0.776- 0.931)
0.794)
TP53 0.674 0.760 (0.626- 0.754 (0.627-0.870)
(0.666- 0.872)
0.681)
FAT1 0.739 0.750 (0.512-  0.750 (0.491-0.946)
(0.732- 0.940)
0.746)
KRAS 0.814 0.733 (0.580- 0.716 (0.552-0.854)
(0.807- 0.857)
0.829)
KEAP1 0.684 0.675(0.466- 0.659 (0.440-0.856)
(0.670- 0.865)
0.694)
LRP1B 0.640 0.656 (0.513-  0.657 (0.512-0.799)
(0.633- 0.797)
0.647)
FAT4 0.768 0.642 (0.470- 0.640 (0.440-0.856)
(0.760- 0.799)
0.775)
NF1 0714 0.640 (0.419- 0.632(0.405-0.845)
(0.704- 0.845)
0.723)

n==62 slides from 59 patients.
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X-Al (Explainable Al)

1. To understand contents of “Black Box”
2. To explain what is the “ground truth”
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X-Al (Explainable Al)

1. To understand contents of “Black Box”
2. To explain what is the “ground truth”
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UIP vs other [IPs by 29 pathologists
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Surviving
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Negative mentality of Pathologists

* Why do you replace my lovely microscope?
* No good reason to replace microscope

* Microscope looks professional

* Digital Dx Is slow

 Detall are not visible by digital slides

* Focusing Is not always perfect

* Al to replace us may come afterwards

* etc
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Tissue heterogeneity
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Segmentation by Al Diagnosis for 1 case
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=, Solution may be.. Step by step K

www.BANDICAM.com

But the key is User Interface!!
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Solutions:

* Correlate with objective factors:
- Survival, Drug effects

* Annotation by multiple observers:
- Pick up agreed images

* Use of IHC/ISH on the same (consecutive) slide

K

Department of Pathology, /Nagasak: University School off Medicine
Nagasakt Edncational and Diagnostic Center of ?mﬁah‘gy (NEDOCP)
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Kameda Medical Cent

TR IHC is not perfect
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Departmant. of Pashology, NagasaRl Univarsisy Graduate School of Biomedical Sciences
Deparsmans of Pazhology, Kameda Medical Contar




Al.. Friends or foe?




4. Introduction of
19th JSDP 2020 in Nagasaki




Japanese Society of
Digital Pathology
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DIGITAL
FATHOLOGY

Invited Speakers

@ The Japanese Society of
Digital Pathology :_ . ‘@

The JSDP meeting will give attendee the opportunity to learn about practical applications in the field of

digital pathology and Artificial Intelligence.

Many practicing pathologists who leads this field, Al researchers, industry leaders will join,

Itis a great chance to see the latest product solutions, and much more. Joint sessions with Digital Pathology Anil Parwani, MD, PhD, MBA Marilyn M. Bui, MD, PhD Jeroen van der Laak, PhD
—— Association (DPA) and Taiwanese Society of Pathology (TSP) will be held in the annual meeting. By those, Professor. The Ohio State DPA president, Professor, Associate Professor, Radboud

altendee can updat the global sitstion ot INgtal Fatimwlogy aod AL University, USA Moffitt Cancer Center, USA  UMC, Nijmegen, Netherlands
Coordinator, Camelyon 16
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Yukako Yagi, PhD Robert Osamura, MD, PhD . Shumpei Ishikawa,MD,PhD

Director, Digital Pathology, IAP President, Visiting Professor,  Professor, The University of
MSKCC, USA Keio University, Tokyo
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Fredrik Pontén, MD, PhD Rajendra Singh, MD Lee Cooper, PhD

@ Nagasaki Unfversify Schoolof Medlcme Professor, Uppsala University, Professor, Mt Sinai Hospital Associate Professor,
1-12:4; Sakamato; Nadasakir852-8102, Japan Co-founder. The Human Protein Founder, PathPresenter® Northwestern University

IHE CONNECTATHON as, Sweeden

Chair Representative from Asian Alliance
= ; Professor, Nagasaki Unil . ; .
& www digitalpathology.ip IO  Taiwan, Myanmar, Malaysia. Major vendors of Al & scanners

Junya Fukuoka, MD. PhD. China, Korea, Singapore, India, Russia, Australia, Thailand,



Thank you for
your attention




