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Nephropathology,
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How to extract extra information from biopsy
tissue?
I L S TS 770

Transcriptomics

Proteomics ++ +++ yes yes
Immunostaining +++ + yes no
ML/computer vision ++++ +7? no yes

ML/computer vision is the only available reproducible,

low cost method for hypothesis-free research without
tissue use




Intelligence

Input Intelligence Meaningful output




Intelligence in nephropathology

Clincal/laboratory

Light microscopy Diagnosis

IF/IHC Intelligence Prognosis
Electron microscopy Treatment

Genetics




Artificial intelligence/machine learning

Input Meaningful output




Machine learning
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How to train a Neural Network
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Shallow Neural Networks
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Shallow Neural Networks
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Deep Neural Networks
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from SID Prince, Understanding Deep Learning



Convolutional Neural Network

Whole slide image Pixels Edges Contours  Clusters Objects Classes

Becker et al. KI 2019



Machine Learning

e Supervised
Expert labels (ground truth) for all instances in a dataset

* Weakly supervised
e.g. only biopsy label (ground truth diagnosis, prognosis, treatment
response) for entire dataset

* Unsupervised
No labels at all (foundation models)



Supervised Learning



ML reproduction of Oxford classfication for
M, E, S, C: MESChn

* Only glomerular components (M, E, S, C)
e Supervised approach

* Dataset of n=6206 expert-labeled glomerular images (split n=4298 training,
n=1908 validation), 3 institutions (Bari, Koln, Szeged)

* Sample size augmentation with auto augment cubuk et al. arxiv 2019
e Several recent ConvNets and a Vision Transformer

Altini et al. in review



Dataset for MESCnn

Mesangioproliferation (M_score)

* No=2494
* Yes =1855
e Null=1860

Endocapillary hypercellularity (E_score)

* No=6022
* Yes =187

Glomerulosclerosis (S_score)

* No=3941
* Segmental =737
* Global =1531

Active crescent (C_score)

* No=5795
* Yes=414
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Sample Size Augmentation

Original Sub-policy 1 Sub-policy 2 Sub-policy 3 Sub-policy 4  Sub-policy 5

Batch 1

Batch 2

Batch 3 £ B
Equalize, 0.4,4  Solarize, 0.6,3  Posterize, 0.8, 5 Rotate, 0.2, 3 Equalize, 0.6, 8
Rotate, 0.8, 8 Equalize, 0.6,7  Equalize, 1.0,2  Solarize, 0.6, 8  Posterize, 0.4, 6

Cubuk, arXiv 2018



Inter-rater intraclass-correlation coefficient

Glomerular

expert label vs.
efficientnetv2-I|
efficientnetv2-m
efficientnetv2-s
densenetl61
densenetl21

mobilenetv2
squeezenet
PretrainedViTB32
PretrainedViTL32

M

I 0.781

0.891
0.836
0.769
0.869
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Altini et al. Comp Method Progr Biomed 2023



MESChn tool permits quality control by
nephropathologists

IE Original WSI Pathologist Annotations QuPath Annotated Project — Ground Truth
ﬁ .
WSI Tiling Tiles Instance Segmentation

@ WSI Scores
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Weakly Supervised Learning
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AMR Diagnosis with ML

e Semi-supervised approach (biopsy label, binary ,AMR vs. ,noAMR*
* N=89 biopsies, n=51 AMR, n=38 noAMR, only Koéln

* Only PAS-WSiIs

* N=1655 glomerular transections, expert-annotated

Cicalese et al. MICCAI 2020



Self Attention (Transformers
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Self-Attention (Transformer Networks
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MorphSet Architecture

Similarity Scalar (s), Prognostic Vector (u)
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AMR diagnosis with ML

e EfficientNet-B3-Encoder 1.0
trained with fully-supervised g J_,—'_'—IJ
expert consensus label g
S
* Semi-supervised ConvNet E
model and MorphSet as least € o4
as good as fully-supervised £
model 02 —— EfficientNet-B3 (AUC = 0.962)
Conv. Baseline (AUC = 0.997)
0.0 —— MorphSet (AUC = 0.999)
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Cicalese et al. MICCAI 2020



Unsupervised learning
(Foundation Models)



Foundation Models:
Tuning SAM (Segment Anything

(Update mask decoder weights) o Ground Truth Pre-tuning Post-tuning
AdamW Optimizer

mask decoder (tuning)

image encoder image
(frozen) embedding

J ‘{ prompt encoder (frozen)}
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mask
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ground truth mask



Tuning Large Language-Vision Models:
GlomChat

Create questions and
answers to this image

1. What is the predominant histological feature observed in this image?
Answer: Endocapillary hypercellularity within the glomerulus.

2. Is there evidence of inflammatory cell infiltration in the glomeruli?
Answer: Yes, there appears to be an increase in the number of cells within
the capillary loops, which may include inflammatory cells.

3. How would you describe the distribution of hypercellularity? Is it focal or
diffuse?

Answer: The hypercellularity appears to be diffuse within the glomerulus
observed.

4. What is the condition of the glomerular basement membrane (GBM)?
(Multiple choice)

A) Thickened

B) Normal

C) Ruptured

D) Cannot be determined from this image

Answer: D) Cannot be determined from this image, as special staining and
higher magnification would be required to assess the GBM.




Thank you!



