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» WHAT IS Al ? 0k



“Artificial intelligence is the science of
making machines do things that would
require intelligence if done by people.”

JOHN MCCARTHY
ACM A.M. Turing Laureate
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» ' PERCEPTION

Artificial Intelligence for Qualitative Analysis

Natural Language
Processing

Sentiment Analysis
Topic Extraction

Vision
Image recognition Facial emotion
recognition.
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Speech

Speech to text - automated
transcription

Translation

Admin Assistants

Help with scheduling.
replies. Real time

analysis.

Smart

summaries of
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» Al CLASSIFICATION (2
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Capability-based types of Al

Artificial Narrow Artificial General Artificial Super
Intelligence (ANI) Intelligence (AGlI) Intelligence (ASI)




Early artificial intelligence
stirs excitement

Machine learning begins
to flourish.

Deep learning breakthroughs

drive Al boom.




» MACHINE LEARNING
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MACHINE LEARNING
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Evaluatlon of Kidney Histological Images Using

Methods and cohort Intervention Findings

Kyoto ; Calculated scores of multiple clusters were associated with:
University

Hospital

Virtual slide u QQ i: E
X

SCr UPro SBP

kidney biopsy
SCr was associated with:

Patients with -"{& i The resulting cluster
IgA nephropathy oy Score of a captured important

n=68 : cluster with findings including

crlescentllf: crescent and global
LA sclerosis

2012 - 2018 {p=0.019)

images of

CNNs, Convolutional neural networks UOB, wurinary ocult blood; SCr, serum creatinine; Upro, urinary protein excretion; SPB, systolic blood pressure

Sato, 2021 Conclusion The proposed approach could successfully extract features
K l R E Po RT s . T that were related to the clinical variables from the kidney biopsy images,
Kidney International Reports otiles \no. MD along with the visualization for interpretability. The approach could aid

W @deniise_am in the quantified evaluation of renal histopathology.




Differential risk assessment in persons at risk of type 2 diabetes using urinary peptidomics
Anja Schork, Andreas Fritsche, Erwin D. Schleicher, Andreas Peter, Martin Heni, Norbert Stefan, Reiner Jumpertz von Schwartzenberg, Martina Guthoff, Harald Mischak,
Justyna Siwy, Andreas L. Birkenfeld, Robert Wagner

Subphenotypes of persons at risk of type 2 diabetes with classification into 6 prediabetes clusters

Cluster 1 Cluster 2 Clus Cluster 5

Low risk Very low risk ow ; High risk
Insulin resistance
High liver fat

Measurement of urine peptidome (CE-MS) + calculation of
predifined urinary peptide classifiers

Predefined urinary peptidome classifiers for chronic kidney disease (CKD273) and Lasso regression identified a combination of
cardiovascular diseases (HF2, heart failure; CAD283, coronary artery disease) were 112 urinary peptides differentiating low-risk and
significantly different across prediabetes clusters. high-risk prediabetes clusters.

True positive rate

0.75

A | [
21 . .

% % 1 > 4

Pve;iabeles cl:sler Prediabetes cluster
Conclusions: Urinary peptidome classifiers support the increased risk of CKD and suggest an elevated risk of heart failure and

coronary artery disease in the high-risk prediabetes cluster 6. Urine peptidomics could be a valuable tool in identifying high-risk
prediabetes individuals and guiding early preventive interventions.

False positive rate




Use of Machine Learning Consensus Clustering to Identify
Distinct Subtypes of Black Kidney Transplant Recipients and
Associated Outcomes

Charat Thonc oon, MD'; Pradeep Vaitla

A] Death-censored graft failure 8] Death after kidney transplant
05
Log-rank test, P<.001 Log-ranktest, P<.001

1 2
Time after kidney transplant, y

Differences between Very Highly Sensitized Kidney Transplant
Recipients as Identified by Machine Learning Consensus Clustering

by Charat Thongprayoon 1T &, Jing Miao 1.t 8 Caroline C. Jadlowiec 2, Shennen A. Mao 3

Michael A. Mao 4 “, Pradeep Vaitla 5, Napat Leeaphorn 4, Wisit Kaewput 8 '“, Pattharawin Pattharanitima 7
Supawit Tangpanithandee ' &2 Pajaree Krisanapan 17 Pitchaphon Nissaisorakarn &

Matthew Cooper 9’ and Wisit Cheungpasitporn 1* &

2 3
Years after kidney transplant

P<0.001

Years after kidney transplant




MACHINE LEARNING
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Popular Classification
Algorithms in Machine Learning

SUPERVISED LEARNING

CLASSIFCATION
FOR CATEGORICAL
OUTCOME

K-Nearest Neighbors
Decision Trees
Logistic Regression
Navies Bayes

Neural Networks
Random Forest
Ensembles
Discriminant Analysis

REGRESSION FOR

CONTINUOUS NUMERIC

OUTCOME

K-Nearest Neighbors
Regression Trees
Linear Regression
Ensembles

Neural Networks

Logistic Regression
Despite the name. logistic regre-
ssion is a classification algorithm,

not a regression one

Decision Trees
Decision trees are flowchart-like
structures that make decisions

based on feature values

P

Random Forest

Random Forest is an ensemible
learning method. meaning it
builds not just one but many

decision trees during training

X
[} X
Naive Bayes

This is a probabilistic classifier
based on Bayes Theorem,
which calculates the probability
that a data point belongs
to a particular class

Support Vector
Machines (SVM)
Support Vector Machines (SVM) is
a powerful algorithm that tries
to find the best boundary (hyper
plane) that separates the data
points of different classes

e

Neural Networks

Neural networks are the foundation
of deep learning. Inspired by
the human brain, they consist
of layers of interconnected

nodes (neurons)




Machine learning selection of
basement membrane-associated

genes and development of a
predictive model for kidney fibrosis

Ziwei Yuan’’, Guangjia Lv*7, Xinyan Liv®=, Yanyi Xiao**=, Yuanfang Tan'Z & Youyou Zhu*=

«Basement membrane-related genes
«Prognostic model for renal fibrosis
«Genetic characteristics that distinguish

fibrotic samples from normal samples

Five key genes in a
predictive model with very

high accuracy,
approximately 0.92



Urine proteomics identifies biomarkers
for diabetic kidney disease at different stages

» Urine samples from 239 patients with
diabetes, diabetic nephropathy, and non-
diabetic nephropathy.

* Nearly 3,000 urinary proteins were

identified.

< Logistic regression models were developed
that-distinguished with very high accuracy
(AUC > 0.92):

v" Diabetic nephropathy from uncomplicated
diabetes

v" Stage 3 from stage 4 disease

Disease Discovery dataset Validation dataset  Total

Diabetes
DKD stage 3
DKD stage 4

CKD

AUC =0.928

(6832, 0.893)
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A four-protein biomarker panel was developed that identified
high-risk patients even before clinical signs of the disease

appeared. (}\




Article
Senescence Biomarkers CKAP4 and PTX3 Stratify Severe
Kidney Disease Patients

Sean McCallion !, Thomas McLarnon ', Eamonn Cooper1 , Andrew R. English 1200, Steven Watterson (7,
Melody El Chemaly 19, Cathy McGeough 1, Amanda Eakin !, Tan Ahmed !, Philip Gardiner 30,

Adrian Pendleton 4, Gary Wright 4, Declan McGuigan !, Maurice O’Kane 3, Aaron Peace 3, Ying Kuan 3,
David S. Gibson 1, Paula L. McClean 1, Catriona Kelly 10, Victoria McGilligan 1 Elaine K. Murray 19,
Frank McCarroll 3, Anthony J. Bjourson ' and Taranjit Singh Rai '*

(62.56)=-11.43, p=5.75¢-17 t (70.2)=-13.97, p=5.8%-22

PTX3, AUC: 0.9 OPN, AUC: 0.92 IGFBP2, AUC: 0.92 CKAP4, AUC: 0.98

Sensitivity
Sensitivity

1-Specificity 1-Specificity 1-Specificity 1-Specificity

CKAP4 and PTX3 may serve as biomarkers for
assessing:

v disease severity

v disease progression in kidney disorders.

C

» Two senescence biomarkers, CKAP4 and
PTX3,.were investigated in patients with
severe kidney disease.

» Both biomarkers were elevated in patients
with:

v AKI (Acute Kidney Injury)

v CKD (Chronic Kidney Disease) compared with

healthy controls.

* In AKI, the increase was more pronounced,
indicating acute activation of molecular
pathways.

* In CKD, the increase was more gradual,

reflecting the chronic n e of the disease.
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New Diagnostic Model for the
Differentiation of Diabetic
Nephropathy From Non-DiabetiC Supplementary Table 2 Two models developed previously in our center

Nephropathy in Chinese Patients Model-2008[1] Model-2014(Liu Moyan)[2]

Models Ppy = exp (—13.5922 Ppx=exp (0.846 +0.022Dm + 0.033 Bp +
WeiGuang Zhang ", XiaoMin Liu™", ZheYi Dong’, Qian Wang’, ZhiYong Pei?, 0.0371Dm+0.0395Bp+0.3224Gh 2.050 Gh -2.664 Hu-0.078 Hb+
YiZhi Chen?, Ying Zheng’, Yong Wang', Pu Chen’, Zhe Feng’, XueFeng Sun’, 44552Hu  +  2.9613Dn)[1 2.942Dr)/[1 + exp (0.846+0.022Dm  +
Guangyan Cai'" and XiangMei Chen’ exp(—13.5922 +  0.0371Dm 0.033 Bp + 2.050Gh —2.664 Hu—0.078 Hb
0.0395Bp+0.3224Gh — 4.4552Hu +2.942 Dr)]
2.9613Dr)]
Supplementary Table5. Various indicators ranked in order of importance Variables Dm, course of diabetes; Bp, SBP; Gh, Dm, course of diabetes: Bp, systolic blood
HbA1C; Hu, hematuria; Hb, hemoglobin; pressure; Gh, HbA1C (1 HbAlc = 7%, 0<
Importance ranking Indicator Dr. diabetic retinopathy 7%): Hu, hematuria (1 urine RBC>10/HP,
DR 0 < 10/HP): Hb. Hemoglobin; Dr., diabetic
retinopathy

Course of DM
Hb
PP

Course of DM <5 years

sCr

ALB Supplementary Table 6. Best combinations of variables at each number of indices (from 6 to 12)
SBP

¢GFR Support vector

TC Number of Random machine

MAP variables forest

FBG

24-h proteinuria . A DR, DM course, Hb, PP, sCr, sudden onset of hq
. . DR. DM course, Hb, PP, sCr. ALB, sudden onsg

Course of hypertension . . DR. DM course, Hb, PP.sCr. ALB. TC. sudden

DR. DM course, Hb, PP, sCr, ALB. TC. sudden

Sudden onset of heavy proteinuria y y DR, DM course. Hb, PP, sCr, ALB, TC, sudden
. . DR. DM course, Hb, PP,sCr. ALB. TC,

Age . . DR. DM cowurse, Hb, PP.sCr. ALB. TC,

BUA

Hematuria '

Family history of DM
Systemic disease

Variable




‘ \O XGBoost

RESEARCH ARTICLE

Predicting mortality of patients with acute
kidney injury in the ICU using XGBoost model

Jialin Liu® "2, Jinfa Wu®, Siru Liu®, Mengdie Li®, Kunchang Hu®, Ke Li®*

1 Information Center, West China Hospital, Sichuan University, Chengdu, Sichuan Province, China,

2 Department of Medical Informatics, West China Medical School, Chengdu, Sichuan Province, China,

3 School of Life Science & Technology, University of Electronic Science & Technology of China, Chengdu,
Sichuan Province, China, 4 Department of Biomedical Informatics, University of Utah, Salt Lake City, UT,
United States of America

Chang et al, BMC Nephrology ~ (2023) 24:169 BMC Nephrology
https://doi.org/10.1186/512882-023-03227-w

RESEARCH Open Access

®

Predicting hyperkalemia in patients
with advanced chronic kidney disease using
the XGBoost model

Hsin-Hsiung C “, Jung Chun-Chieh Tsai* and Ping
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REINFORCEMENT LEARNING

Optimization of anemia treatment in hemodialysis patients via A Practical Electronic Health Record-Based Dry
. Weight Supervision Model for

Pablo Escandell-Montero®*, Milena Chermisi®, José M. Martinez-Martinez?, . M .
Juan Gémez-Sanchis?, Carlo Barbieri b Emilio Soria-Olivas?, Flavio Mari®, HemodlaIYSIS Patlents
Joan Vila-Francés®, Andrea Stopper”, Emanuele Gatti™, José D. Martin-Guerrero*®

;:..m‘:fm Dm:Annlysis h;bom(:dry, g:mx(ya/'vqlcnnaam&'dn la thnvcmdnd, s/n, ASIOOBuqus:;(VnIc:nn), Spain ZHAORI BI"'', MENGJING WANG'?2, LI NI2, GUOXIN YE2,

Healthcare and Business Advanced M ling. Fresenius Medical Care, Else-Kroner-Strasse 1, 61352 Homburg. Germany 1.3 2 4

< Centre for Biomedical Technology at Danube, University of Krems, Dr.-Karl-Dorrek-Strasse 30, 3500 Krems, Austria DIAN ZHOU'~, (SQG"":"M:'“"E" IEEE)I’) CHANGHAO YAN &‘rem':e;' IEEE),
XUAN ZEN A, (Senior Member, IEEE), AND JING CHEN'-




» DEEP LEARNING

e Adaptability
e Generalizability
e Time-Evolving/ Training

Algorithm
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> in NEPHROLOGY



Timeline of Al in Nephrology

Regulatory movement
Deep learning entry « Al as medical software (SaMD) Multi-model & RL models

* CNNs for renal biopsy « Early CDS governance and model * EHR +imaging + genomics
and radiology oversight in nephrology and transplant

2014-2016 2020 2024 2025

2005-2010 2018-2019 2022-2023 2025+

Early prediction tools ML risk stratification Generative Al arrives Precision Al era

+ Logistic models, + AKI/CKD risk tools, + GPT for notes, triage, + Digital twins, real-time Al,
eGFR, KFRE KDIGO/ISN pilots patient education prospective validation
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» FUTURE PERSPECTIVES



Big Data
-omic/biological
Geospatial

Electronic health records e
s What parts of a patient's past
Personal monitoring

: : 5
Effluent data history should be reviewed?

Screening

Diagnosis

Clinical deployment

What about a patient's current]

hat future population health state needs to be known?

lmanagement, administration and
regulation can be improved?

Staging & Phenotyping

Therapy & Monitoring

What are the risks What are opportunities
of future outcomes? i ene?




A NEW ERA IN CKD

% Understand pathophysiology

With bioinformatics and genomics,
we can identify genetic targets and
IDENTIFY perform revealing diagnostics

Translatable models

: : New models allow us to validate
VALIDATE targets and test compounds in
relevant systems

'> Target the cause
@ New treatment modalities mean
we can aim for previously

TREAT  ‘undruggable’ targets

N e N




Real-Time Al Decision Support in ICU Nephrology

Multimodal ICU Data

* Vitals, labs, dialysis,
meds, EHR

* Real-time input
stream

Al Analytics
Modules

+ AKI predictor

* Volume estimators

+ Electrolyte patterns

* RRT/CRRT optimizer
* RL recommender

Nephrologist
dashboard

+ Alerts
+ Suggestions
+ Trend summaries

* Fluid Rx
* RRT/CRRT dose —> model updates

Feedback
mterventlons learning loop

Clinical input + outcomes

optimization

* Electrolyte

correction

+ Direct patient care




Real-time prediction system for prevention of acute
renal failure based on Al model

Shih-Chang Hsia*, Szu-Hong Wang, Liang-Fu Chen, Bo-An Ko

. : Analog ARM-based
Urine Weight o AKI
to digital embedded

collection sensor detection
converter system

Hsia S, Wang S, Chen L, Ko B. Real-time prediction system for prevention of acute renal failure based on/Al model. Archives of Medical Science. 2024

Send emergency
message




Multimodal Components of an Al-Based Kidney
Transplant Rejection Prediction Model

O O

Clinical Data Laboratory Data Histopathology Molecular Data Imaging & Monitoring
« Age, sex, race « Biopsy scores * Transcriptomics * Renal ultrasound * Renal ultrasound
- Primary, kidney disease (Banff (e.g., via molecular (echogenicity, (echogenicity,
- Delayed graft function Classification) microscope) _ reS|stlye index) reSIStlye index)
« Time since transolant * TCMR, ABMR/ « Gene expression + Perfusion MRI or + Perfusion MRI or
P borderline features panels (e.g., kSORT, contrast-enhanced contrast-enhanced
- Glomerulitis, AlloMap Kidney) ultrasound (CEUS) ultrasound (CEUS)
tubulitis, arteritis 1 * miRNA or donor- + Remote monitoring
derived cfDNA (BP, weight, vitals)

Py

Multimodal Fusion & Production

}

Personalized Transplant
Rejection Risk Score




Digital Twin for Transplant Management

Q @ 0 ©

Multimodal
Data Ingestion

« Genomics/HLA

* Labs, vitals, drug levels
» Psychosocial/function

* Wearables/sensors

* Imaging, biopsy

« Historical registry data

Digital Twin
Score engine

+ Patient avatar
+ Simulation engine
* Risk models (rejection,

DGF, infection)

+ Adaptive learning loop

Clinician
Interface

+ Al-ranked alerts
+ Scenario sandbox
+ Visualization

dashboard

+ Editable plan

Feedback
Loop

+ Qutcome tracking

* Model recalibration

+ Patient-specific learning
* Real-time update

+ Continuous refinement




» TECHNOLOGICAL ACHIEVEMENTS

a

transplantation

portable/wearable
< hemodialysis
(]
human

ea Pt

NO dialysate
cultivated

‘ \ filter
dialysate
d / ‘. ) miniaturize by
implanted dialysis filter | y d \ single pass: regeneration
from artery to vein y \ spent dlalysate
thrown away

\_skin

ex(ra(orporea[ | | \ wearab'e
regenerative | g peritoneal
dialysate circuit J miniaturize by = . .
! \ dialysate regeneration d'a,ys’s
e implantable artificial kidney ‘

peritoneal dialysis
from artery to vein {
tubular 4N single pass:
function(s) g

spent dialysate regenerator
thrown away 1
\ NO dialysate

artificial urine
to bladder

dialysate




» TECHNOLOGICAL ACHIEVEMENTS

Bioprinted Renal Constructs Using Kidney-Specific ECM Bioink System on Kidney Regeneration. Adv Healthc Mater. 2025
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» CHALLENGES



—=+ 2 Loss of important features
*  Poor-quality or incom
«  Changing environment (data drift)

*  Poor evaluation

Technical Limitations
Delay in updating the model

Selection of an.inappropriate model

Lack of interpretability (black-box models)

- Data Privacy Concerns

«  Overreliance on technology
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Welcome Enobio Blinkingtest ~ Mental Math Test Essay Post-assessment Schedule

Onboarding headset (2 minutes) (2 minutes) (20 minutes) interview next session.
setup (5 minutes) Debrief,

cleaning up

In a period of four months,
LLM users consistently Neural activity

showed lower performance
at the neural, linguistic, and Coghnitive activity
behavioral levels

(—————

G
Your brain on ChatGPT: Accumulation of cognitive debt when using an Al assistant for essay writing task. Kosmyna, N et al. arXiv. 2025



» CONCERNS

Disconnection from human
sensitivity

Dehumanization of the human
factor

Balance between machine
autonomy and the need for human
responsibility and supervision




~ ONLY INTERPRETATIONS."

| Friedrich Nietzsche ; 1
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