
Identication of findings at each magnification. From the whole slide image, tiles 
were created at 2.5x, 5x, and 20x magnications. For each magnication, a CNN classier 
was constructed to classify each tile into multiple findings. Based on the classication, 
maps that can be compared with WSI were synthesized.
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Developing an explainable AI model for diagnosis and prognosis in interstitial lung disease

Principal pretraining set
(53 cases, 151 WSIs)

arbitrary selected common
disease

(IPF, RA, SSc, OP, DAD)

Supplemental pretraining set
(15 cases, 30 WSIs)

UIP cases with prominent
fibroblastic foci

Self-supervised learning

Transfer learning

316 serial consultation 
cases

UIP prediction 
analysis

Training set
- 78 UIP
- 48 not UIP

Validation set
- 27 UIP
- 27 not UIP

Utility set
(180 cases, 535 WSIs)
- 105 UIP
- 75 not UIP

Survival analysis

Random split

136 excluded
- 121 faded staining
- 10 missing prognosis info
- 5 uncertain diagnosis
     • 2 indeterminate UIP vs. NSIP
     • 3 unclassifiable IP
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d Analysis of prognostic factors by Cox propotioanl hazards model

The Cox proportional hazards model 
for each microscopic finding and 
prognosis pointed out dense fibrosis, 
fibroblastic foci, elastosis, and 
lymphocyte aggregation as 
independent risk factors. 

In summary, we proposed an original approach to extract multiple features that can be 
interpreted by pathologists with minimum annotation effort by experts. The model not only 
effectively describes the quantity and distribution of features for different IPF entities but is also 
effective in explainably predicting progressive disease and quantitatively analyzing histological 
features. The same approach could be applied to other areas of pathology or radiology, and 
represents a new direction for explanatory analytical models.

This presentation is based on results obtained from a project, JPNP20006, commissioned by 
the New Energy and Industrial Technology Development Organization (NEDO). 
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For each magnication, elemental feature extractors (ElEx) were trained using self-supervised 
learning. This feature extractor consists of a ResNet18 CNN which outputs features consisting 
of 128 vectors. The extracted features were clustered throughout the principal pretraining set. 
The pathologists viewed a montage of each cluster tiles and reclassified them into 
pathologically meaningful findngs. Finally, the reclassied findings were used as labels of 
training data for the transfer learning of feature extractor to obtain a classier to classify the 
ndings from the tiles.

Overview of "MIXTURE" Tile Classification UIP prediction
huMan-In-the-loop eXplainable artificial intelligence Through the Use of REcurrent training 
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Survival analysis

Conclusion

Background

Study cohort

The UIP (usual interstitial penumonia) is known as a 
histological pattern which  indicates a progressive clinical 
course and poor prognosis. We developed random forest 
to predict UIP/non-UIP based on the frequency of each 
finding as a downstream task.

a. ROC curve when the findings obtained at 5x are used to 
predict the presence of UIP.
b. ROC curve when all findings obtained at 2.5x, 5x, and 20x 
are used.
c. ROC curve without pathologist integration of findings 
and subsequent transfer learning (non-integrated model). 
The case with the best AUC (k = 8) is presented.
d. Model created using tiles extracted at 5x magnification. 
Cases predicted as UIP had a significantly worse prognosis 
than those predicted as non-UIP.

 

AUC for MIXTURE-based models

Interstitial pneumonia is a heterogeneous benign disease  with a 
progressive course and poor prognosis, at times even worse than 
those in the main cancer types. Histopathological examination is 
crucial for its diagnosis, management, and estimation of prognosis. 
However, the evaluation strongly depends on the experience of 
pathologists, and the reproducibility of diagnosis is low. There is a 
need to analyze the histological characteristics in objective way 
utilizing the newly emerging computational methodology, while 
maintaining the interpretability and compatibility with the traditional 
histological approach.

We propose MIXTURE, a method to develop deep learning models to classify tiles from 
whole slide images into for extracting pathologically significant findings based on an expert 
pathologist’s perspective with a small annotation effort.

Classification of findings in the representative entities.
a-d. UIP/IPF case. The entire specimen consists of dense fibrosis with minimal inflammatory cell 
infiltration, and is highlighted in yellow, red, and orange at 2.5x, 5x, and 20x magnification, 
respectively. Elastosis and bronchial metaplasia at the margins of the specimen are appropriately 
highlighted at 20x.
e-h. Idiopathic pleuroparenchymal fibroelastosis (PPFE) case. A subpleural band of elastosis is clearly 
visualized by the 20x feature extractor. The same finding is recognized as “pale” tissue in 5x.
i-l. A case of NSIP in systemic sclerosis. The pathology shows cellular and fibrotic NSIP, which is 
clearly differentiated from UIP lesions by blue highlighting on 5x feature extractor.


