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Avadntnon

XPNOTIKO AEELKO

vonudoouvn vVo-n-Jyo-ou-vn ouo. (BnA.) 1. WYXOA. -MAIAAT. ikavotnTa Tou
aTOuOU

* va KaTaAapaivel kal va diaxelpileTal apnpnUEVES EVVOIEG,

* Vva paBaivel,

* VO QVTIMETWTTICEI VEEG I DUOKOAEG Kal TTOAUTTAOKEG KOTAOTACEIG KAl

* VA €MAUEl TTPOBAAMATA, ACIOTTOILOVTAG TTPONYOUUEVEG EUTTEIPIEC

https://christikolexiko.academyofathens.gr/index.php/anazitisi?



Texvntn vonuoouvn

O 0poc¢ TEXVNTA vonuoouvn avadepetal otov KAado
NG MANPOodOpPLKNC 0 oTtoloC aoxoAeital pe tn oxediaon
KOlL TNV UAOTIOlNON UTTOAOYLOTLKWY CUOTNUATWY TIOU
LLpLoUVTAL OTOLXEL TNC avBpwTtvnC oupTEPLdOPAC Ta
omola UTTOVOOUV €0TW Kol OTOLXELWON

gudvuia: pabnon, mMPooapUOOTLKOTNTA, EEAYWYN
CUUTEPACUATWY, KOTAVONon Ao

ocuudpalopeva, enilvon PoBANUATWY KATT

https://el.wikipedia.org/



Nevpwvika diktua Kot faBela pabnon

A simple neural network

input hidden output
layer layer layer amAOUC UTIOAOYLOTLKOUC KOBOUG (VEUPWVEC,

* To veupwvVvLKO dikTuo eival eva diktuo amo

veupwvia), Staocuvoedepevouc PeTaEU TOUC.

* Elval epmvevopevo amo 1o Kevtplko Neuplko
Yuotnua (KNZ), To omolo npoomnaBei va

TIPOCOMOLWOEL.

https://el.wikipedia.org/
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Iran war heralds era of AlI-powered
bombing quicker than ‘speed of
thought’

Speed and scale of US military’s Al war planning raises fears
human decision-making may be sidelined

(o] Academlcs say Al is collapsmg the time required for mllltary decision- makmg Photograph Majid
Asgaripour/Reuters

The use of Al tools to enable attacks on Iran heralds a new era of bombing
quicker than “the speed of thought”, experts have said, amid fears human -
decision-makers could be sidelined.

https://www.theguardian.com/technology/2
026/mar/03/iran-war-heralds-era-of-ai-
powered-bombing-quicker-than-speed-of-
thought



The Al Revolution

in Medicine

Understanding How Al Can Advance Patient Care

https://assets.ctfassets.net/otzakojlabuh/3XLNhz450Jz8w0ga6gc7ju/92e283f4252b73996ddf1026d4ded7fb/The_Al_Revolution_in_Medicine.pdf



@EJM NEJM Al 2024; 1 (5)
Al DOI: 10.1056/AIdbp2300192

DATASETS, BENCHMARKS, AND PROTOCOLS

GPT versus Resident Physicians — A Benchmark
Based on Official Board Scores

Uriel Katz (®, M.D.," Eran Cohen (®, M.D.,*” Eliya Shachar @, M.D.,** Jonathan Somer @, B.Sc.,* Adam Fink @, M.D..°
Eli Morse @, M.D.,” Beki Shreiber @, B.Sc.* and Ido Wolf @, M.D.>*#
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www.nature.com/scientificreports

scientific reports

/doi.org/10.1038/s41598-021-89743-x

W) Check for updates

OPEN Predicting sex from retinal fundus
photographs using automated
deep learning

Edward Korot?, Nikolas Pontikos', Xiaoxuan Liu%%?, Siegfried K. Wagner, Livia Faes*,
Josef Huemer'*, Konstantinos Balaskas?, Alastair K. Denniston’2*®, Anthony Khawaja™ &
Pearse A. Keane™

INIHR Biomedical Research Center at Moorfields Eye Hospital MHS Foundation Trust and UCL Institute of
Ophthalmology, London, UK. 2Department of Ophthalmology, University Hospitals Birmingham NHS Foundation
Trust, Birmingham, UK. *Academic Unit of Ophthalmology, Institute of Inflammation & Ageing, College of
Medical and Dental Sciences, University of Birmingham, Birmingham, UK. *Eye Clinic, Cantonal Hospital of
Lucerne, Lucerne, Switzerland. 3Vienna Institute for Research in Ocular Surgery, A Karl Landsteiner Institute,
Hanusch Hospital, Vienna, Austria. *Health Data Research UK, London, UK. **email: anthony khawaja@nhs.net;
pearse keanel(@nhs.net
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Figure 1. Precision-recall curve.

“Clinicians are currently unaware of distinct retinal feature
variations between males and females”
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Artificial Intelligence
The Next Frontier in Kidney Biopsy Evaluation

Jean Hou and Cynthia C. Nast
CJASN 15: 1389-1391, 2020. doi: https://doi.org,/10.2215/CJN.13450820
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Artificial Intelligence
The Next Frontier in Kidney Biopsy Evaluation

Jean Hou and Cynthia C. Nast
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Artificial intelligence can accurately
distinguish IgA nephropathy

from diabetic hephropathy under
Masson staining and becomes

an important assistant for renal
pathologists

Zhenliang Fan'?', Qiaorui Yang®!, Hong Xia®, Peipei Zhang’,
Ke Sun*, Mengfan Yang?®, Riping Yin®, Dongxue Zhao?,
Hongzhen Ma?, Yiwei Shen’ and Junfen Fan®

s

Training data Yolov5 v6.1

—_—
” Training

Training set
model
” Adjust data |
Randomly split
8:2 &
Input Adjust model
(1 000X1000)

FIGURE 1
Flowcharts for deep learning and study plan.

Front. Med., 03 July 2023 Sec. Nephrology
Volume 10 - 2023 | https://doi.org/10.3389/fmed.2023.1066125
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best model

Test set

Input
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Artificial intelligence can accurately
distinguish IgA nephropathy

from diabetic hephropathy under
Masson staining and becomes

an important assistant for renal
pathologists

Zhenliang Fan'?', Qiaorui Yang®!, Hong Xia®, Peipei Zhang’,
Ke Sun*, Mengfan Yang?®, Riping Yin®, Dongxue Zhao?,
Hongzhen Ma?, Yiwei Shen’ and Junfen Fan®

s
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lIgA nephropathy ¥ Diabetic nephropathy

Sensitivity

AUC=0.733 AUC=0.627

1 - Specificity 1 - Specificity

FIGURE 2
The ability of Al to distinguish IgAN from diabetic nephropathy
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Artificial intelligence can accurately

distinguish IgA nephropathy 2023
from diabetic nephropathy under

Masson staining and becomes

an important assistant for renal

pathologists

Zhenliang Fan'?', Qiaorui Yang®', Hong Xia?, Peipei Zhang?,
Ke Sun*, Mengfan Yang?®, Riping Yin®, Dongxue Zhao?,
Hongzhen Ma?, Yiwei Shen’ and Junfen Fan® o,
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Compare the time and accuracy of diagnosis between Al and pathologist. (A): the time it takes for the Al and pathologist to distinguish between 50
images; (B): the accuracy of the Al and pathologist to distinguish between 50 pathological images.

Front. Med., 03 July 2023 Sec. Nephrology
Volume 10 - 2023 | https://doi.org/10.3389/fmed.2023.1066125



https://doi.org/10.3389/fmed.2023.1066125

Artificial intelligence can accurately

distinguish IgA nephropathy 2023
from diabetic nephropathy under

Masson staining and becomes

an important assistant for renal

pathologists

Zhenliang Fan'?', Qiaorui Yang®', Hong Xia?, Peipei Zhang?,

Ke Sun*, Mengfan Yang?®, Riping Yin®, Dongxue Zhao?, A B
Hongzhen Ma’, Yiwei Shen’ and Junfen Fan* o ¢
lis 1200 B L @
%
B
: >
g E %
=] =
s o
B <
E 0%
o I
0%
0
—
Al Primary Imtermediate Senior Al Primary Intermediate Senior
pathologist pathologst Pathalogist pathologist pathologist Pathologist
FAGURE 3

Compare the time and accuracy of diagnosis between Al and pathologist. (A): the time it takes for the Al and pathologist to distinguish between 50
images; (B): the accuracy of the Al and pathologist to distinguish between 50 pathological images.
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Exclusion:

Deep learning-enabled
classification of kidney allograft

msufficient renal cortex region(n=1)

insufficient scanning quality(n=1)
insufficient staining quality(n=2)

rejection on whole slide P —
histopathologic images N [ —

91 biopsies diagnosed rejection were 2 )
used to develop graft loss model TCMR.ind ABMR, were ted to

125 biopsies diagnosed rejection were
used to develop treatment response model

develop the classification model

Yongrong Ye', Liubing Xia', Shicong Yang®, You Luo?,
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A ROC on Testing Dataset
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«Moreover, RRAIM completes the diagnosis task
in less than 30 seconds per case»
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Artificial intelligence assists identification ity

and pathologic classification of glomerular
lesions in patients with diabetic nephropathy

Qunjuan Lei', Xiaoshuai Hou?, Xumeng Liu', Dongmei Liang', Yun Fan', Feng Xu', Shaoshan Liang,
Dandan Liang', Jing Yang', Guotong Xie’*#, Zhihong Liu'* and Caihong Zeng'"®

Table 1. Glomerular classification of DN

Class Description Inclusion Criteria
[ Mild or nonspecific LM changes and Biopsy does not meet any of the criteria
EM-proven GBM thickening mentioned below for class II, Il, or IV

GBM = 395 nm in female and =430 nm
in male individuals 9 years of age and
older®

lla Mild mesangial expansion Biopsy does not meet criteria for class
Il or IV

Mild mesangial expansion in =>25% of

the observed mesangium
b Severe mesangial expansion Biopsy does not meet criteria for class
W or IV

Severe mesangial expansion in =25% of

the observed mesangium

I Nodular sclerosis (Kimmelstiel- Biopsy does not meet criteria for class
Wilson lesion) v
At least one convincing Kimmelstiel—
Wilson lesion
v Advanced diabetic Global glomerular sclerasis in =50% of
glomerulosclerosis glomeruli

Lesions from classes | through Il

LM, light microscopy.
*0n the basis of direct measurement of GBM width by EM, these individual cutoff levels may be
considered indicative when other GBM measurements are used.

2024



631 patients with biopsy-proven DN

A
PAS-stained slides EfficientNet
from DN patients ' " training
- G-k.)memli type T
Glomcrullt S
WSls annotations ype
B
s [J-Net training
Glomeruli ___
extraction
[’ 7 Verification
Glomh ys il
(KW, NOA types) lmnmnc ccll
identifications

Fig. 1 Schematic illustration of our CNN model for identifying glomerular morphological features. A The training procedure of EfficientNet
architecture for identifying different glomeruli types. B The training procedure of U-Net architecture for segmenting mesangial area

and the verification procedure of our prior V-Net architecture for identifying three glomerular intrinsic cells. Scale bars mean 750 pm in WSIs
and 50 pm In single glomerulus images

2024
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Prediction

Fig.2 Our CNN archueaures xlermfy lnuaglommat realulea Onginal Images derved dueaty from W‘SI sltdes (A NOA (jomemlus. BKW
glomerulus). Prediction images (C, D) describe the predicted results of intragiomerular features from the onginal Images (Cyan: Bowman capsules,
red: padocytes, blue: mesangial cells, green: endothelial cells, yellow: mesanglal reglons). Scale bar: 50 pm
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Table 1 Performance of our CNN model on identifying different glomeruli types

Glomeruli types Accuracy Specificity Precision Recall F1-score
Global glomerulosclerosis 0.984 0.985 0.881 0.981 0928
Segmental glomerulosclerosis 0956 0982 0692 0595 0.640
Kimmelstiel-Wilson lesions 0.988 0.997 0.979 0929 0953
Mone of the above 0.947 0.944 0914 0.952 0.933

Table 2 Performance of the V-Net architecture from the ARPS
systemn on identifying three glomerular intrinsic cells in patients

with DN
Intrinsiccells  Accuracy Specificity Precision Recall F1-score

Mesanglal cells 0942 0.953 0932 0926 0929
Endothelial cells  0.530 0.9,/0 0.9349 0855 08595
Podocytes 0961 0.986 0.890 0./93 0839
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Table 3 The consistency between the (NN based and pathologist based pathologic classes

Cohen's kappa value CNN-based classes

Internal application subset External application subset

Maodel 1 Model 2 Model 3 Model 1 Maodel 2 Model 3
Patholoqist 1 0A7S 0ALT 0529 e T (.585 (L0
Patholoagist 2 (6a8 0722 .68 (LB55 {.588 (0423
Hathologist 3 hh53 ] e 1654 BSS Q618 (L./41
[l 604 O58S 0624 ] e (a2

Model T was the CNN-based classification derived from combination of percent G5, the presence of KW lesions with the optimal cutoff values of average mesanigial
area; Model 2 denived from combination of percent (5, the presence of KW lesions with the optimal cutoff values of mesangial area’mesangial cell ratio; Moded 3
dierived from combination of percent GS, the presence of KW lesions with the optimal cutoff§ values of mesangial anea fraction

We also assessed the Cohen’s kappa values between three
experienced pathologists in 65 cases, which are

0.773 (pathologist 1-pathologist 2),

0.797 (pathologist 1-pathologist 3), and

0.754 (pathologist 2-pathologist 3), respectively.
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It is really confusing!!!

Table 1. Intraclass correlation and «-values for all parameters

Level of Experience
Parameter Statistical Method Overall®
New or Moderate® (1=15) ~ High® (n=19)
Class III/1V Intraclass correlation 0.39 0.33 0.43
Active and/ or chronic K 0.36 0.27 0.38
Segmental or global K 0.39 0.27 0.46
Endocapillary proliferation Intraclass correlation 0.46 0.42 0.50
Influx of inflammatory cells ~ Intraclass correlation 0.32 0.19 0.45
Swelling of endothelial cells Intraclass correlation 0.46 0.40 0.52
|Extracapillarv proliferation Intraclass correlation 0.57 0.42 0.71
Type of crescent K 0.46 0.40 0.55
Wire loops Intraclass correlation 0.35 0.27 0.41

“Excellent, >0.8: good, 0.6-0.8; moderate, 0.4-0.6; poor, <0.4.

Wilhelmus, Clin 3 Am Soc Nephrol 10: 47-53, 2015
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latpikeg e101kOTNTEG TTOL Ba avTikataotabouv arto TexvnTn
VONUOOoUVN

H o iBawvn g€€AEN |6ev \EiUD{L OTL N TEXVNTH VOnHoouvh Ba «aVTIKATACTACED TIARPWE TOUE YIATPOUC,
OAAG OTL B IV TOHATOTIONTEL HEYAXAO HEPOC TNG OOVAELAC O OPLOHEVEG ELOIKOTNTEG. OL TILO EVAAWTEG Elval

ooec Paoilovtat

® OTNV AQVAAUOT ELKOVWV 1] O£O0HEVWY,
® ot emavVOAAPPovOpEVEG SLadLKOTLEC,
® Ot TIPWTOKOAAQ,

® KOl AlYyOTEPO OTN XELPWVAKTIKA TIAPEUPAON N OTN HOKPOXPOVLIO OXEDN e aaBevelc.
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latpikeg e101kOTNTEG TTOL Ba avTikataotabouv arto TexvnTn
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EldikotnTteg pe TN peyaAutepn €kBeon otnv Al

1. AKTIVOAoyia

H Al eivai ndn moAv KaAn os:

® ovaAuon aktwoypapuwy, CT, MRI,
® EVTOTILOHO OYKWV I QULHOPPOYLWVY,

® QUTOpATN SnULoVPYIa CVaPOPWVY,

® TIPOTEPALOTIONTCN ETIELYOVTWVY TIEPLOTATIKWV.
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medical specialties most likely to be replaced by ai

2. Pathology

Al can:

® identify cancerous cells,
e quantify biomarkers,
® screen normal slides,

e reduce diagnostic workload.
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medical specialties most likely to be replaced by ai

Human pathologists still matter for:

® [rare diseases,

* nuanced interpretation,
e multidisciplinary tumor boards,

* |egal responsibility.
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MedFoundationHub: A Lightweight and Secure Toolkit for

Deploying Medical Vision Language Foundation Models

Xiao Li*, Yanfan Zhu®, Ruining Deng®”, Wei-Qi Wei®, Yu Wang®, Shilin Zhao®, Yaohong
Wang?, Haichun Yang®, and Yuankai Huo®

*“WVanderbilt University, Nashville TN 37235, USA
bWeill Cornell Medicine, New York, NY 10021, USA
“Vanderbilt University Medical Center, Nashville TN 37232, USA
dUT MD Anderson Cancer Center. TX 77030, USA

4 Emwokémnon Al

Vision-Language Foundation Models (VLFMs or VLMs) are
advanced Al systems trained on vast datasets of paired images
and text. By merging a visual encoder with a Large Language Model
(LLM), they map visual data and human language into a shared
embedding space, allowing the Al to "see," describe, and interact

with images or videos. @ NVIDIA +1 arXiv:2508.20345v1 [cs.CV] 28 Aug 2025
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ABSTRACT

Recent advances in medical vision-language models (VLMs) open up remarkable opportunities for clinical appli-
cations such as automated report generation, physician copilots, and uncertainty quantification. Despite their
promise, medical VLMs raise serious security concerns. These include the risk of Protected Health Information
(PHI) exposure, data leakage, and vulnerability to cyberthreats, concerns that are especially critical in hospital
environments. Even when adopted for research or non-clinical purposes, healthcare organizations must exercise
caution and implement safeguards. To address these challenges, we present MedFoundationHub, a graphical user
interface (GUI) toolkit that: (1) enables physicians to manually select and use different models without program-
ming expertise, (2) supports engineers in efficiently deploying medical VLMs in a plug-and-play fashion, with
seamless integration of Hugging Face open-source models, and (3) ensures privacy-preserving inference through
Docker-orchestrated, operating system agnostic deployment. MedFoundationHub requires only an offline local
workstation equipped with a single NVIDIA A6000 GPU, making it both secure and accessible within the typical
resources of academic research labs. To evaluate current capabilities, we engaged board-certified pathologists
to deploy and assess five state-of-the-art VLMs (Google-Med Gemma3-4B, Qwen2-VL-7B-Instruct, Qwen2.5-VL-
7B-Instruct, and LLaVA-1.5-7B/13B). Expert evaluation covered colon cases and renal cases, yielding 1,015
clinician-model scoring events. These assessments revealed recurring limitations, including off-target answers,
vague reasoning, and inconsistent pathology terminology.
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These silver stains show a markedly abnormal

glomerular pattern with:

*severe crescentic/destructive injury
ecollapse and wrinkling of capillary tufts
eprobable fibrinoid necrosis

relatively “pauci-immune” appearance on LM
(without obvious large immune deposits)
Clinically:

*AKI with creatinine 5

eproteinuria + hematuria

*rapidly progressive picture

This combination strongly raises concern for:

Rapidly Progressive Glomerulonephritis (RPGN)



Most likely possibilities at this stage:
1.ANCA-associated pauci-immune
crescentic GN

(microscopic polyangiitis / GPA spectrum)
2.Anti-GBM disease

3.Severe immune-complex crescentic GN
(less likely from these images alone)

The silver stain appearance is particularly
suggestive of:

pauci-immune necrotizing crescentic GN
because:

*there is major structural destruction
ecrescents/necrosis dominate

*not much obvious proliferative immune-
complex architecture



The pending immune screen is therefore critical:
*MPO-ANCA (p-ANCA)
*PR3-ANCA (c-ANCA)
*anti-GBM antibodies
*ANA/complements
Very important additional information:
*|F findings:

* pauci-immune - ANCA GN

* linear IgG - anti-GBM

e granular immune deposits - immune-complex

GN

spulmonary symptoms/hemoptysis?
seosinophilia/asthma?
esystemic vasculitis symptoms?
Creatinine 5 indicates severe AKI and this is potentially
kidney-threatening and life-threatening if pulmonary
hemorrhage is present.

Based on morphology alone, my leading impression is:
pauci-immune crescentic glomerulonephritis
(ANCA-associated GN) until proven otherwise.
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A" 47yo male nephrotic,
‘ immune screen pending

This appears to be a PAS-stained renﬁa biopsy
glomerulus.

In the context of a 47-year-old male with nephrotic
syndrome, the main visible features are:

Diffuse thickening of the glomerular capillary
walls/basement membranes

*Relatively preserved overall glomerular architecture
*No obvious marked hypercellularity

«Some chronic tubulointerstitial change in the
surrounding cortex

The pattern raises concern for a membranous

nephropathy pattern of injury, especially given the

nephrotic presentation.



47yo male nephrotic,
Immune screen pending

* Important next steps / correlations:

* |Fstaining: 1gG, C3, k/A, IgA, IgM

* PLA2R and THSD7A

* Electron microscopy for subepithelial deposits/spikes
* Full immune screen (already pending)

* Hepatitis/HIV screen

* Malignancy workup appropriate for age/risk factors

* | would avoid making a definitive diagnosis from this

single low-power image alone, but morphologically

it is quite compatible with a membranous pattern.









47yo male nephrotic,
Immune screen pending

This silver stain is much more informative.
The glomerular basement membranes show:
Diffuse capillary wall thickening

Irregular “spike” formation along the outer aspect of

the GBM

Little endocapillary hypercellularity
That pattern is very characteristic of:
Membranous nephropathy

especially on a Jones methenamine silver stain

showing the classic “spike and dome” appearance.






47yo male nephrotic,
Immune screen pending

This EM image supports the diagnosis very strongly.
* Key ultrastructural findings visible here:

* Numerous subepithelial electron-dense deposits along the outer
aspect of the GBM

* Basement membrane material projecting between deposits
(“spikes”)

* Podocyte foot process effacement

* No obvious organized fibrillary substructure

* Thisis classic for:

*  Membranous nephropathy

* The triad across your studies is very convincing:

* LM: diffuse capillary wall thickening

* Silver stain: spike formation

 EM: subepithelial deposits + foot process effacement

* So this is essentially a textbook membranous pattern.
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This clinical picture is highly suggestive of:

Lupus nephritis

because of:

syoung woman

*ANA strongly positive

*anti-dsDNA positive

*low C3/C4

*proteinuria + microscopic hematuria

Those serologies are classic for active immune-complex

lupus nephritis.



The biopsy images also support lupus nephritis:
PAS image

Shows:

*mesangial and endocapillary hypercellularity
*lobular accentuation

capillary wall thickening

Silver stain

Shows:

*duplicated/split GBM contours (“tram-tracks”)

*immune-complex remodeling



That pattern raises concern for:

proliferative lupus nephritis

especially:

*Class Il (focal)

or

*Class IV (diffuse)

Possibly with a membranous component if there is
substantial capillary wall involvement.

The decisive findings would come from:
simmunofluorescence

*electron microscopy






This immunofluorescence image strongly supports
active lupus nephritis.

The staining pattern appears:

ecoarse granular

*along capillary walls and mesangium

*very intense C3 deposition

That is classic for immune-complex deposition in
lupus nephritis.

Combined with:

*ANA+

eanti-dsDNA+

elow C3/C4

eproteinuria + hematuria

eproliferative changes on LM

this is very convincing for:

proliferative lupus nephritis

The biopsy now looks most compatible with:
Class IV lupus nephritis

(diffuse proliferative LN)

Possibly with:

*membranous overlap (Class V component)
because the capillary wall staining is quite
prominent.
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46 years old nephrotic
creatinine 2.5

é/ immune screen negative
S| HBV/HCV/HIV negative.

A creatinine of 2.5 mg/dL in a 46-year-old with nephrotic
syndrome means there is significant kidney dysfunction in
addition to heavy protein loss.
The combination of:
*nephrotic syndrome
*negative immune screen
*HBV/HCV/HIV negative
narrows the differential somewhat,
but it does not identify the cause by itself.
Common possibilities in this setting include:
eprimary kidney diseases such as:
* minimal change disease
* focal segmental glomerulosclerosis (FSGS)
* membranous nephropathy
diabetic kidney disease (if diabetes is present)
*less commonly, genetic or medication-related causes
At age 46 with elevated creatinine, a kidney biopsy is often
important unless there is a strong reason not to do one, because
treatment depends heavily on the exact pathology.







| | RENAL PATHOLOGY

KIDNEY DISEASE

4 -
B
-
5
y [
a ' 1
N
' &
g ¢ >
% : : p A.'
> | ;
. o7 ® .
A Q . g l,
, .
) 9 ey
> LY 9 \. V¥ 4 ‘ '
:; t
- ¥
B










" ‘ |
. - A < A « ‘
. - ‘ V. ot
& s . 4 g y 3
.' -
’ .'r > ' >
N | . Ry
| . Lt & r :
i | | | |
! ; -
; ) e
N ol
. :
. :
) ~
“_ . :
-~ . ’
.
I -
X -

RENAL PATHOLOGY ‘-b ‘
~ .
KIDNEY DISEASE |
. 3 ‘ \ ‘
e
— "
, > N\ ' B ¥
Q ! .
@ P | |
N\
S LT L : ’
| \ 3 - P 3
" -
| ‘ ‘
¢ w
> ’ ) »
vl , *
« - > ‘
oo : 4 :‘
ik
X ‘ |
| o
\. ‘ .
.’ ™ v
J . l
" ‘
) . ‘
' y
4 5
A >
~
S | %
- | : |
. : . . |
Y / 1
.
5 4 ;
| ’
S ;
: » ;




Immunofluorecense

IgG, C3, IgM, kappa, lambda positive
C1q IgA negative . - i




These biopsy images plus the immunofluorescence pattern are most
suggestive of an immune-complex glomerulonephritis, and the pattern
raises concern for membranoproliferative GN (MPGN pattern) or
possibly infection-related / C3-associated immune complex disease,
rather than minimal change disease or classic primary FSGS.
Key features from what you shared:
Light microscopy appears to show:

* mesangial and capillary wall thickening
lobular glomerular appearance
sclerosis/chronic scarring
tubulointerstitial fibrosis and tubular atrophy
*Immunofluorescence:

* IgG positive

* (3 positive

* IgM positive

* kappa and lambda both positive (polyclonal)

* (Clqg negative

* IgA negative
That combination usually argues:
*against lupus nephritis (often C1q positive)
*against IgA nephropathy
*against monoclonal deposition disease (because both kappa and
lambda are present)
eagainst minimal change disease




The biopsy overall may fit:

1.immune-complex mediated MPGN

2.chronic membranous nephropathy with
secondary changes

3.infection-associated GN

4.less likely C3 glomerulopathy if
immunoglobulins are truly dominant

The chronicity visible on the biopsy is important
because creatinine 2.5 suggests established

kidney injury already exists.






The EM images show:

large electron-dense immune deposits
*deposits located mainly in the mesangial and
subendothelial regions

*GBM remodeling/duplication (“double contour”
tendency)

*podocyte injury/foot process effacement

*no dominant organized fibrils typical of amyloid
*no clear subepithelial “spike and dome” pattern
of classic membranous nephropathy

Combined with:

*|gG+, C3+, IgM+

*kappa and lambda both positive (polyclonal)
*Clq negative

*IgA negative

this is most consistent with:

Immune-complex mediated
membranoproliferative glomerulonephritis
(MPGN pattern)

This is now classified more by mechanism than by
the old MPGN types.

Your biopsy appears to fit:

immune-complex mediated MPGN







46 years old nephrotic
'Y creatinine 2.5

This higher-magnification EM image further supports the impression of:

dense immune-complex deposits with organized substructure

The deposits appear:

every large

*electron-dense

*somewhat structured/organized rather than purely amorphous
That raises an additional important consideration beyond routine
immune-complex MPGN:

fibrillary or immunotactoid-pattern glomerulopathy

especially:

“fibrillary glomerulonephritis (FGN)

*less likely immunotactoid glomerulopathy (ITG)
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46 years old nephrotic
ok creatinine 2.5
% immune screen negative

LW HBV/HCV/HIV negative.

Classic EM clues:

erandomly arranged fibrils - FGN

*more organized microtubules - ITG

The image you posted suggests the deposits may have internal

fibrillary organization, although exact fibril diameter

measurement is needed from the pathology lab.

Very important question:

Was DNAJB9 staining done?

Because:

*DNAIJB9 positivity is highly sensitive/specific for fibrillary GN

*it has become the modern confirmatory test



46 years old nephrotic

‘A creatinine 2.5

by E immune screen negative

A HBV/HCV/HIV negative. The decisive information now would be:

eofficial EM description

*fibril diameter

*whether deposits are randomly arranged
*DNAIJB9 result

epathology final diagnosis section

Those details usually settle the diagnosis.



That fits the biopsy findings very well.
Diagnosis: Fibrillary Glomerulonephritis (FGN)

FGN is a rare immune-mediated kidney disease characterized by

abnormal fibrillary deposits in the glomeruli.
it was fibrillary Your case is quite typical for FGN because of:
*age in the 40s—60s range

*nephrotic syndrome

eelevated creatinine (2.5)

*IlgG/C3 positivity

*polyclonal kappa/lambda staining
*negative hepatitis/lupus screening

*EM showing fibrillary deposits

The definitive diagnosis is usually made by:
eelectron microscopy showing randomly arranged fibrils

eoften positive DNAJB9 staining



What FGN means clinically

FGN is unfortunately often a progressive disease, but
the course varies substantially.

Important prognostic factors:

ecreatinine at diagnosis

*degree of fibrosis/scarring

*proteinuria amount

*blood pressure control

*response to therapy

Creatinine 2.5 suggests there is already moderate

CKD, but outcomes still vary widely.




Typical treatment approach

There is no single universally effective therapy, but
management usually includes:

Supportive kidney protection

*ACE inhibitor or ARB

estrict blood pressure control

*salt restriction

diuretics for edema

estatin if needed

*SGLT2 inhibitor if kidney function allows




Immunosuppressive therapy

In selected patients:

erituximab is increasingly favored

*sometimes steroids are added

ecyclophosphamide or MMF used less commonly
Rituximab has shown partial remissions in some
patients, especially when there is still active disease

and not overwhelming fibrosis.



Prognosis

Many patients gradually lose kidney function over
years, but progression speed is highly variable.
Poorer prognostic markers include:

*higher creatinine at diagnosis

*severe interstitial fibrosis/tubular atrophy

*heavy persistent proteinuria

Some patients stabilize for long periods, especially if:
eproteinuria decreases

*BP is tightly controlled

esimmunotherapy works




Kidney transplant

FGN can recur after transplant, but transplantation is still

commonly performed if ESRD develops.

If you want, | can also help interpret:

*the written pathology report

*likely stage of CKD

eestimated prognosis from biopsy percentages
erituximab evidence in FGN

*expected response rates

ecurrent KDIGO-style management approach.
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medical specialties most likely to be replaced by ai

Likely future:

¢ one physician supervises more patients,
e Al handles first-pass analysis,
® routine cases become automated,

¢ human doctors focus on complex/high-stakes decisions.

The biggest near-term impact is probably:

. reduced demand growth in some specialties,
. lower reimbursement for commoditized tasks,

consolidation around Al-enabled clinicians,
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. changing training requirements rather than outright replacement.

a6 Y NS

Al generated image



e Y FEELING
' 100%...
THANKS TO
MY ROBO-

IF YOU SNORE [}
T0O LOUD!

(@)

Al generated image



ORGANIC, FIVE-STAR

GLUTEN FREE... | e DINNER!

PROBABLY!

Al generated image



ALL HAIL Y rercn mort suicks =TT
OUR Al OVERLORDS! AND OPTIMIZE MY { 2 COLLECT DATA

COMFORT.
WORK HARD. yppaTE OFTEN  IMPROVE MODELS
0:) S

> GLOBAL PRODUCTIVITY ; FO?!EETD'?:EKE vf TAKE OVER WORLD
N»/\/V/ 2 AnD suscrige. Sl
98%  [f N )

HUMAN SATISFACTION

DATA:
BUTLER

THEY GROW
SO FAST.

/A
/ ¥
o L
wrz e

—

Al generated image



g

) S eﬂ‘ " 0(«9

(E‘U)QOCP’LMOO y;POO O)Cq
x Y
y;pod o o>

. LT

g L T
}nO‘ )d‘ g6 %Podo)m

Al generated image



