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病理診断って？ 病理医って？





Pathologists: ≒
18000 (USA) (1/18K)

2200 (Japan) (1/58K)



A serious shortage of pathologists and the need for pathology training
centers

Sasaki T et al , at JSP meeting
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Today’s talk (Digital Pathology and AI)



1.Introduction of Digital Pathology



Microscope ⇒ Digital pathology





Installation of 16 multiheaded microscope        2014/4

Channel 2: cytology session





Nagasaki・Kameda Path-NET 



2.  Digital Consultation improves  
diagnosis



Question:

A) Poorer

B) Same

C) Better

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..

Judgment of “Benign” is harder

Question:



Frequency of “challenging cases”
Nagasaki Univ Community Hsp
2010 2013 2010 2013

No of cases 8301 8828 4267 4101

pathologists 9 13 1 2

double check no yes no no

suspected 42 115 53 215

suspicious 7 24 0 3

possible 3 16 0 2

probable 3 13 0 0

probably 416 106 0 0

471 274 53 220

percentage 6% 3% 1% 5%



Changes after Expert Consultation





3. Artificial intelligence in Pathology









Difficult to remove pseudo-positive



Cytology paper (Tsukamoto)













Tumor% by pathologists…

Estimated tumor cell percentage

Ground truth

(correct answer)

Estimation result of cancer cell ratio 
by nine pathologists

[3] Alexander JJ Smits, et. al., Modern Pathology, 24 (2014) 168



Our routine AI: Tumor Cell Count workflow 

Segmentation by Deep Learning

Nuclei counting 

by Image Analysis

0.1mm

0.1mm



Validation: protocol of tumor cell count

01

02

03

04

Calculation of  tumor cellularity

Review by Pathologists

“Good”

more than 90% accuracy

“Fair” 

70~90% accuracy

“Poor”

less than 70% accuracy

Analysis
: Segmentation 

+ Image analysis

1 piece / case





Ground Truth (0%) →

HALO →

Pathologists

Deviation from gold 

standard in each 

“excellent” case

Results: “Good” cases
A B C D HALO Ave.

Average 

deviation 11% 17% 22% 14% 3% 16%



How do you think?

% of Cancer cells 

(by nuclei)

① <5%

② 5-10

③ 11-15

④ 16-20

⑤ 21-25

⑥ 25-30

⑦ 31-35

⑧ 36-40

⑨ >41







Prospective Data of 

AI x Pathologist 

Tumor Cell Counts













Nat Med paper





X-AI  (Explainable AI)
1. To understand contents of “Black Box”

2. To explain what is the “ground truth”

NEDO.  Sakanashi-Fukuoka Group



診断支援システム

NEDO 坂無・福岡班

50

病理医
システムの自己評価

タスク処理AI

匠の知見

仮教師データ

学習指針
の生成 訓練

ドメイン知識に
基づく分析

何を学ぶべきか？

•意思決定の補助

•診断根拠の説明

•気付きを与える
可視化

•人間には向かない
作業の代行

学習指針に
基づく
問い掛け

診断結果と根拠の説明

リッチなアノテーション情報

学習指針の検証

自己研鑽

データの追加

教示

学習指針生成AI

参照

〜X-AI 「説明可能な人工知能」〜

転移学習用データ

•診断レポート

•所見（ドメイン知識
：人間が理解できる
特徴量）

•異常部位の特定

•詳細な計測

•情報提供や教示の要
請

•学んだこと
（データの知識化）

•病変のマーキング

•実測値
（細胞数、面積など）

•診断レポートの
修正

•医学知識

半自己学習フレームワーク 知識を生成・蓄積する情報基盤

異常検知



所見図鑑

①診断根拠の説明技術および半自己学習機構の研究開発
b)プロトタイプ解析

51

訓練
データセット

Enc.Enc.

CNN Feature Clusters

担当：産業技術総合研究所
（つくばセンター）

訓練済みDCNNモデルが学習データセットから生成した
「所見図鑑」に基づく判定と、結果の可視化

Dec.Dec.Dec.

正常 がん
所見

所見

所見

所見

意味付け

可視化

検査画像

識別器

0.55

0.30

0.15
判定結果
と根拠

がん

照合



X-AI  (Explainable AI)
1. To understand contents of “Black Box”

2. To explain what is the “ground truth”

NEDO.  Sakanashi-Fukuoka Group



Pathologist

AI platform A   

Malignant

AI platform B      

Benign

Ground Truth is often hard to get



UIP vs other IIPs by 29 pathologists

平成21年厚労省班研究報告













standardize UIP Dx by prognostic value

Need to predict “Progressive” nature

Case No Path Report AI Dx

20 UIP Non-UIP

24 non-UIP Non-UIP

29 non-UIP Non-UIP

30 non-UIP Non-UIP

31 non-UIP Non-UIP

33 UIP UIP

64 non-UIP UIP

70 non-UIP Non-UIP

69 non-UIP Non-UIP

65 UIP UIP

68 UIP UIP

60 non-UIP Non-UIP

71 UIP UIP



Invasive cancer?  Non-invasive?











Barriers of AI installation



Negative mentality of Pathologists

• Why do you replace my lovely microscope?

• No good reason to replace microscope

• Microscope looks professional

• Digital Dx is slow

• Detail are not visible by digital slides

• Focusing is not always perfect

• AI to replace us may come afterwards

• etc



Tissue heterogeneity

file:///C:/Users/福岡　順也/Desktop/heterogeneity.pptx#1. PowerPoint プレゼンテーション


Time for image analysis matters

Segmentation by AI Diagnosis for 1 case



Solution may be.. Step by step

But the key is User Interface!!



0.26 ÷ 13.46 = 0.0193

Difficulty of Annotations



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



IHC is not perfect



AI.. Friends or foe?

Pathologist has to be an AI master



4. Introduction of 
19th JSDP 2020 in Nagasaki



Japanese Society of 

Digital Pathology



At





Thank you for 

your attention


