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Artificialintelligencémachinelearning
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M aCh I n el earn I n g Gradient Descent

f(x) = nonlinear function of x
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Machinelearningasmulti-instanceearning
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Machinelearning

ASupervised
Expertlabels(groundtruth) for all instancegn adataset

AWeaklysupervised
e.g.only biopsylabel(groundtruth diagnosisprognosistreatment
responseé for entire dataset

AUnsupervised
No labelsat all foundationmodelsetc.)



Howto extractinformationfrom biopsy
tissue?

Transcriptomics

Proteomics ++ +++ yes yes
Immunostaining +++ + yes no
ML/computervision  ++++ +7? no yes

ML/computervisionis the only availablereproducible

low costmethodfor hypothesisfree researchwithout
tissueuse




Nephropathologyigdataund precision

medicine
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IgA-Glomerulonephritis

AMost commonGNworldwide

A1/3 progresso ESRD

Almmunecomplexeswith gd-lgAl and ant
gdigAL! v u Al | NILIS NJ

APredominantlymesangiatieposits
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IgA-Glomerulonephritl
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IgAglomerulonephritis

AOxfordclassifikation

3 binaryparameters
Mesangioproliferatio(M0/M1)
Endokapillanjhypercellularity(EO/E1)
Segmentasclerosig{S0/S1)

2 ordinalscaleparameters
Tubularatrophyund interstitial fibrosis(TO/T1/T2)
Activecrescentd C0O/C1/C2koberts et al. KI 2009

AReproducibility CC>0.7eliminationof highlycorrelatedparameters

AlnternationallgANephropathyRiskPredictionToolsarbour et al. JAMAL Med
2019




OxfordclassifikatioNgAN prognostidool

AProductioncycle>15yearsfor integrationof tradional histologyand
clinicaldata

A30 pathologists
ABlueprint for other diseases

ARiskyashypothesisdriven research considerablaisk of failure due to
e.g.unsatisfactoryreproducibilityin the handof non-experts

AResultgonly histology) weakerfor IgAvasculitisd t dzNL1.JdzNJ - { OK
HenOCh)Barbour et al. Manuskript in Review



ML reproductionof Oxfordclassficatiorior
M, E, S, (MESCnn

AOnlyglomerularcomponentgM, E, S, C)

ASupervidedhpproach
ADatasetof n=6206experlabe

n=1908validation, 3institutionso . | NA X ty

ASamplesizeaugmentationwit

N auto au gme ntCubuket al.arxiv2019

ASeveratecentConvNetsaind a Vision Transformer
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Datasetfor MESCnn

A Mesangioproliferation(M_score

A No = 2494
A Yes =1855
A Null = 1860

A Endocapillary hypercellularitf( scorg

A No =6022
A Yes =187

A Glomerulosclerosis_scor

A No =3941
A Segmental = 737
A Global = 1531

A Active crescentq_scorg

A No =5795
A Yes =414
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Resultdor MESCnn
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Endto-EndMESCnmvith WSIsasinput

A>10kannotatedglomerulifrom
PanGNlataset

AMaskR-CNNvariansas

architectu '@Huang et al. In Proceeding$

the IEEE Conference on Computer Vision and
Pattern Recognition 2019)

AOn DetectronZPlatform

AAP=63.85.1% (64.§0.4 %),
AP50=78.80.1% (79.40.9 %),
AP75=72.373.8% (73.80.6 %
on the test set

Alntegriert inQuPathals QUIGS
8” athintefacefor _
omerulus Segmentation)

Altini et al. in review



Expert W3bbelsvs. WSlabelsreconstructed
from individual experglomeruludabels

Kappa

0.716 |0.447| 0.926 0.817
glomeruluslabels
0.178 0.476 0571 0.694
0.716 0.4 0.429 0.757
0.716 0.468  0.818
0.178 0.485 0.483 0.939
0.639 0.185 0.446 0.756
0.178 0.413 0.353 0.818
0.000 0.230 0.446 0.573
0.602 0522 0.343 0.757
0.404 0.000 0.542 0.000
0.288 0.256 0.188  0.000
0.049 0.000 0.507 0.000

Altini et al. in review



Inter-rater intraclasscorrelationcoefficient

expertlabel vs. M E S C
0.790 0.617 0.648
0.891 0.742 | 0.77¢ |0.712
0.836 0.774 0.713 0.569
0.769 0.746 0.648 0.614
0.869 0.801 0.853 0.624
0.768 | 0.819 0.697 0.484
0.632 0.689 0.738 0.585
0.779 0.706 0.644
0.845 0.000 0.720 0.000
0.589 0.716 0.322 0.158
0.399 0.336 0.576 0.000

Altini et al. in review



MESCnmool permitsgualitycontrol by
nephropathologists

Al

Original WSI

Pathologist Annotations
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Glomerularclusteringwith uMAP

Imagelabel  MES@rained
trained

UMAP Embedding UMAP Embedding
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Lessorfrom theseexperiments

ARarehistologydescriptorsare difficult to reproducefor expertsand
difficult to train

AProblematidfor predictors for which a singlepositiveinstancewould
flip the class(=changen prognosis =treatment approact)

ALevelsectionbasedassessmentlifficult to reproducefor ML
AHighlabelingeffort for nephropathologists

AML willdeliverbetter reproducibility
AFulltransparencysupervisiorpossible

ANo surpassingf what humannephropathologistsanachieve



Nomorefully supervised
approachedor me



Antibodymediatedrejection(AMR)

AOften causeby underrimmunosuppresior{lackof adherencd
AOneof the mostcommonreasonfor chronictransplantloss

Al OKgASNAIS 5AF3Iy2aSsE KNdzZFAIT INP
Experten

ADiagnosticcriteria: immungenetidindings(donorspezifiantibodies,
Immunostainingor C4d, insolationrelativelyunspecifichistology

findings(e.g. Banft.esionScores anddditonalDiagnostic
Parameters)

ADifficult to treat
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aAMRdiagnosisvith NanoString
transcriptomeanalysis

An=96biopsies 2institutionso Y| f Yy w200 SNRI Y0

An=32aAMR n=32Borderlineand TCMRwithout AMR),n=32without
rejection

ABanff Human Orgafix(B-HOT) Panel anénended Element Panel
from Banff 2017 UpdatEOUpy Am Jlranspl2018

Ao E waraffins¥ctions RNAEasyFFPE Kit
A13/96 (14%) BHOT, 28/96 (29%) namalysable

Varol et al. Transplantation 2022



True positive rate
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aAMRdiagnossvith Nanostring

ROC of LASSO (min-max scaled B-HOT model)
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AMRdiagnosisvith ML

ASemisupervisedapproach(biopsylabel binarya | a w d nogNRP «
AN=89biopsies n=51 AMRp=38noAMRonlyY | f vy

AOnlyPASWSIS

AN=1655glomerulartransections expertannotated

Cicalese=t al. MICCAI 2020



MorphSetarchitecture

Similarity Scalar (s), Prognostic Vector (u)
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AMRdiagnosisvith ML

AEfficientNetB3-Encoder 1o [ o
trained with fully-supervided . H
expertconsensusabel s
et
ASemisupervidedConvNet 2
modeland MorphSetasleast £ 04
asgoodasfully-supervided £
mOdeI 02 —— EfficientNet-B3 (AUC = 0.962)
o MorghSer (WG = 0988)
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12 clasIGNdiagnosis

ASemisupervisedapproach

AN=350biopsiesonlyPAS, 12lassef Db X n Ly adA (dzi S
Lille, Szeged)

AUnevenIydist(ibuted, from n=16dor DenseDepositDisease (DD}
nk n 1 IgAGNNI

AExpertannotatedand automaticallysegmentedglomeruli

AComparisorto SOTA multiplénstancelearningarchitekturesCLAM
Mahmood et al. Nat Biomed Eng, 20aind D TFEMIL zhang et alarxiv 2022

Cicaleseet al. inpreparation



Developmenbf MILXFormefrom MorphSet

ASoft Markov Chain Monte Carlo Samplingteadof MC Sampling

AMILxUp implementationof MixUp zhang et aarxiv2020 Samplesize
augmentation

[1.0, 0.0] [0.0, 1.0] [0.7, 0.3]
cat dog cat dog cat dog

Cicaleseet al. inpreparation



Developmenbf MILXFormefrom MorphSet

ASoft Markov Chain Monte Carlo Samplingteadof MC Sampling
AMILxUp implementationof MixUp zhang et aarxiv2020 Samplesize
augmentation

AMILxScale4 differentresolutionsfrom 400 x 40Go 1100 x 110@s
samplesizeaugmentation

’
LG

-r’-:,y‘;. $ndl®

-
*

Cicaleseet al. inpreparation



Developmenbf MILXFormefrom MorphSet

ASoft Markov Chain Monte Carlo Samplingteadof MC Sampling

AMILxUp implementationof MixUp zhang et aarxiv2020 Samplesize
augmentation

AMILxScale4 differentresolutionsfrom 400 x 40Go 1100 x 110@s
samplesizeaugmentation

AMILxDrop dropout (removalof corruptedfilter nodes inorderto
Improvegeneralisation

Cicaleseet al. inpreparation



Itecture

MILxFormernrch

}oo0[g uoned

i

1SS8[)

ing Probability, Case WCM_TMA_2, Compartment ID: ARTERIOLE, Validation lter.: 1

vs. MCMC Compartment Sampli|

Avg. Confidence

TMA

Mimicker

o
T =
i S
i
i
1 @Q
i Lo
i S
i
! o
i g8
i rea
1 o
1 c
i £
" =
i =R
! w
i
i o~
i Lo
1 S
i
i
i ] e
T T : T S
o © © = o 2
- (=] (=] =} (=] o
acuapyuo) Bay
=)
T =
1 o
i
i
1 @Q
1 =]
i S
i
! o
! w o
: FS &
1 2 o
i c
i =
o
i LS g
i =
H ]
i o~
i LS
1 =]
i
i
! Ne
T T T T 2
< < © hut [a} =
- [=] (=] =} (=] o
acuapyuo) Bay

Jpoduy
L-TAPNIUDLYIY

Unlimitedinput
channelscombining
different modalities

CECCT T

uonuaNV-jPRS
198 peaynInA

UORUINY-JIPS
peaynny

Cicaleseet al. inpreparation



Mean AUMILxFormeon PanGN
Expertannotatedglomerul

True Positive Rate
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False Positive Rate

ABMGN (AUC = 0.92)
ANCA (AUC = 0.76)
C3-GN (AUC = 0.69)
CryoGN (AUC = 0.84)
DDD (AUC = 0.76)
Fibrillary (AUC = 0.86)
IAGN (AUC = 0.75)
IgAGN (AUC = 0.83)
Membranous (AUC = 0.95)
MPGN (AUC = 0.77)
PGNMID (AUC = 0.78)
SLEGN-IV (AUC = 0.67)

Cicaleseat al
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Automaticsegmentation

Precision

Recall

ABMGN (mAUC = 0.82)
ANCA (mAUC = 0.90)
C3-GN (mAUC = 0.85)
CryoGN (mAUC = 0.92)
DDD (mAUC = 0.91)
Fibrillary (mAUC = 0.85)
IAGN (mAUC = 0.93)
IgAGN (mAUC = 0.91)

- Membranous (mAUC = 0.95)

MPGN (mAUC = 0.93)
PGNMID (mAUC = 0.91)
SLEGN-IV (mAUC = 0.93)
All Classes (mAUC = 0.90)

Cicalesest al. inpreparation



Mean AUMILxFormeon PanGN
Automaticsegmentedylomerul

True Positive Rate
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Mean AUC CLAM and DI onPanGN
Expertannotatedglomerul

ABMGN (AUC = 0.77)
ANCA (AUC = 0.71)
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MPGN (AUC = 0.66)
PGNMID (AUC = 0.79)
SLEGN-IV (AUC = 0.76)

ABMGN (AUC = 0.77)
ANCA (AUC = 0.70)
C3-GN (AUC = 0.66)
CryoGN (AUC = 0.57)
DDD (AUC = 0.77)
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SLEGN-IV (AUC = 0.78)
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Integrationof clinicaltabulationwith histology
Treatmentresponsenith SRNS

ASteroidresistantnephrotic
syndrome podocytopathy
predominantlyin children

ACausedefectin podocyte
relevant gene®r unknown
circulatingfactor (T celk
secretec)

AHistology minimalchange
nephropathy FSGS, diffuse
mesangiakclerosigDMS)




