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* | am a Nephrologist who does AKI
research around AKI risk stratification,
care and outcomes with and without
Artificial Intelligence




OUTLINE / OBJECTIVES FOR THE TALK (AS GIVEN TO ME)

*Role and adoption of Al, machine learning, etc. in nephrology
(cite examples from use for AKI prediction, prognhostication)

eOther advanced technologies (e.g., wearables, home
monitoring, implantables, generative Al, agentic Al, etc.)

e Barriers and facilitators to the development and
Implementation of new technology




If we ask generative Al what it thinks about Al in Nephrology

Current Applications:

Early Detection and Prediction & Summary Table
- AKI, CKD, Transplant Dimension Status (2025) Readiness
(matching and graft function)

Research evidence Strong |
ESKD Management .
- Dose, Dry_ Welg ht, Low BP Clinical validation Moderate !
Access care, Infections
Real Time Monitori ng Regulatory approval Limited !
Drug Dosing
Decision Su pport Integration into care Low X
Imaging
Clinician acceptance Growing !
Challenges
Data Quality - Verdict: Nephrology is on the verge of readiness, but not yet in everyday Al-driven

Work-Flow Integration

_ practice.
Ethical Concerns



Liuet at BMC Medical Informatics and
BMC Medical Informatics and Decision Making (2023) 23:157

https://doi.org/10.1186/s12911-023-02254-9 Decision Making
RESEARCH ARTICLE Open Access
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Discrepancy between perceptions =

and acceptance of clinical decision support
Systems: implementation of artificial
intelligence for vancomycin dosing

Xinyan Liu"?, Erin F. Barreto®, Yue Dong®, Chang Liu'~, Xiaolan Gao'®, Mohammad Samie Tootoon?”,
Xuan Song® and Kianoush B. Kashani'"

 60-70% of Pharmacist
think CDSS is useful

« But lots of discrepancy
between Al and

humans on the best
dose - 80% of the time

BM) Open Employing artificial intelligence for
optimising antibiotic dosages in sepsis
on intensive care unit: a study protocol
for a prospective observational

study (KL.SEP)

Britta Marko,’ Lars Palmowski © ," Hartmuth Nowak © ,'? Andrea Witowski,"
Bjorn Koos,' Katharina Rump @ ' Lars Bergmann,’ Julia Bandow,>*

Martin Eisenacher,>® Patrick Giinther,” Michael Adamzik,' Barbara Sitek, "
Tim Rahmel @

Trials are coming.....



Multi-Center Validation of NINJA:

Goldstein et al : Kid Int 2020

Percent of patients with NTMx exposure
who develop AKI
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9 Center validation

* Non-critically ill
pediatric patients

Recs:

« SCr Measurement in
high risk pts

 Recs around non-
nephrotoxic options

A sustained 23.8%
reduction In
Nephrotoxic AKI



JAMA

QUESTION Do diagnostic and therapeutic recommendations from a kidney action team through the electronic health record (EHR)
prevent the primary outcome of worsening kidney injury, dialysis, or mortality among hospitalized patients with acute kidney injury (AKI)?

CONCLUSION Recommendations from a kidney action team did not significantly reduce the composite outcome of worsening AKI stage,
dialysis, or mortality.

POPULATION ' INTERVENTION FINDINGS
2129 Men - . - Composite outcome
1874 Women 4003 Patients randomized |
=T AN > Received | Did not receive
recommendation recommendation
Adult hospitalized = 1999 e 29?0_4‘3 note || note
: : ive id not receiv
Patients with AKI recommendation note recommendation note 19 8¢y 18 4(y
Mean age: 71 years Kidney action team sent No recommendation was -0/0 - */0
personalized recommendations  sent via EHR (395 of 1999 patients) (369 of 2004 patients)
via EHR
LOCATIONS Recommendations from a kidney action team
7 PRIMARY OUTCOME did not significantly reduce worsening AKI stage,
Hospitals Composite outcome consisting of AKI progression to a higher dialysis, or mortality:

in the US . stage of AKI, dialysis, or mortality occurring while hospitalized Difference, 1 .4% (95%Cl, =1.1% to 3.8%): P=.28

and within 14 days of randomization

Aklilu AM, Menez S, Baker ML, et al; KAT-AKI Team, Early individualized recommendations for hospitalized patients with acute kidney injury: a randomized climcal trial




Extended Data Table 1 | Model performance for predicting AKI within the full range of possible prediction windows from&to72h

a
ROC AUC [95% CI)

Time windows Any AKI AKl stages 2 and 3 AKl stage 3
24h 93.4% [93.3, 93.6] 97.1% [96.9, 97.3] 98.8% [98.7, 98.9]
48h 92.1% [91.9, 92.3] 95.7% [95.5, 96.0] 98.0% [97.8, 98.2]
72h 91.4% [91.1, 91.6] 04.7% [94.4, 95.0] a7 3% [97.2, 97.6)
a [ Not detected b [ Not detected

[ Detected with 20% precision 1 Detected with 20% precision
_ 1009t . B Detected with 33% precision _ 100+ I Detected with 33% precision
F  9p- 1 - B Detected with 50% precision = go0dH B Dctected with 50% precision
E 80 I E B0 -
o T0- - o 70 Ed
o 60 ) z & 60 i
H= = A
§ 50+ : § 50-
i i i i a3
= 40 = 40 F3
= 30- z 30-
5 201 2 20-
E E
3 101 3 107

D ﬂ 1 1 I 1 I I 1
<148 648 1248 1848 2448 3048 3648 4248 <1
Time between prediction and AKl onset (h) 1 AUGUST 2019 | VOL 572 | NATURE 117



Ak

Candid: Admission
Room/Bed Admission Diagnosis ARl Candidats Creatinine Treatment Team ARl Score 2.0 -~ [rate
Right sided weakneass FPaul E Kukulski,
80T9/A Cerebrovascular accident f3mg.. M.D.-Admitting 0.02694 01274 6/12/24
(CVA), unspecified. .. (Tel. 773-702-9500). ..
Mitral valve disorder Christopher T Salerno,
407 4A/A Severe mitral stenosis NEFFE) T24 . MD.-Admitting 0.03223 6/14/24
by prior echocardiogram (Tel. F73-702-25007%. ..
. o John W Moroney,
8003/A Akl (acute kidney injury) 0.00171 Y146 . MD. —Admitting}r 0.00171 o175 6/18/24
(CMSHCC) (Tel. 773-702-6123) __
Subdural hematoma Ali Mansour, M.D.
8070/A N/A T 04 - Admitting (Tel. A 5/12/24
(CMSHCC) T73-7T02-6222) (Pgr....
Altered mental status, Cawvid A Harter,
8051/A unspecified altered *45 M.D. - Admitting 0.07759 6/15/24
mental status type. .. (Tel. FT73-702-95007%. ..
Cardiac arrest (CMS/HCC) Adriana 5 Olson,
8034/A Fracture 000976 L M.D. - Admitting 0.00976 o1e G724
Endotracheally intubated. .. (Tel. FT73-702-95007%. ..
Aortic valve disorder Takeyoshi Ota. M.D.
4046/A -, . 0.07909 *33 - Admitting (Tel. 0.0790%9 01090 GM7Ti24
Moderate aortic insufficiency 773-702-2500) (Pgr. ...
Emily L Jameyfield,
8O37/A Ischemic stroke (CMS/HCC) 1.2 mg/dL  M.D. - Admitting 0.10255 5/29/24
(Tel. 203-430-4000). .
Reported gun shot wound Christos Lazaridis,
BO3GA Gunshot wound of neck, 0.6 mg/dL M.D. - Admitting 001165 6/10/24
initial encountar (Tel. FF3-T02-6222). ..
Hand ulceration with Jaffrey & Stepan,
3024/A necrosis of bone 0.00211 119 .. M.D. - Admitting 0.00211 00976 G13/24
(CMS/HCC)... (Tel. 773-834-3531)...
HFrEF (he=art failure Sens H Kim, M.D.
4048/A with reduced ejection 29 . - Admitting (Tel. 0.00074 5/31/24
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Y | BACKED BY
RCTS!

What was the point of doing all those RCTs
if the decision makers don't actually care?”




ORIGINAL ARTICLE

External Validation of a Commercial Acute Kidney
Injury Predictive Model

Sayon Dutta @, M.D., M.P.H."? Dustin 5. McEvoy @, B.S.,” Lisette N. Dunham (®, M.P.S., M.S.P.H.?
Ronelle Stevens @, Pharm.D.,2 David Rubins @, M.D.,>” Gearoid M. McMahon @, M.B., B.Ch., M.D.,* and
Lipika Samal ®, M.D., M.P.H.?

Received: August 25, 2023; Revised: October 27, 2023; Accepted: November 21, 2023; Published: February 7, 2024

 Over 39,000 Admissions
« 24.5% developed KDIGO Stage 1
« AUROC for Stage 1 0.77(0.76 to
0.78)
* Within 48 hours
« AUROC 0.76 (0.76 to 0.76)
« AUPRC 0.19 (0.19 to 0.19)
« Value of 50 provided
PPV of 88
« Sensitivity of 50%
« 21 hours advanced notice....

Precision-recall curve (AUPRC)
* Precision=TP/ (TP +FP)
 Recall=TP /(TP + FN)
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@ JAMA Network-

From: Factors Associated With Variability in the Performance of a Proprietary Sepsis Prediction Model Across 9
Networked Hospitals in the US

JAMA Intern Med. Published online April 03, 2023. doi:10.1001/jamainternmed.2022.7182
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Figure Legend:

Association Between Hospital-Level Sepsis Incidence and Epic Sepsis Model C-Statistic Across 9 US Hospitals in a

NetworkEach hospital is represented by a blue point (A through [), with 95% Cls represented by vertical bars. The diagonal
line represents the line of best fit among hospitals A through .



On to CKD (Briefly....)
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Annals of Internal Medicine ORIGINAL RESEARCH

Implications of the Use of Artificial Intelligence Predictive Models in
Health Care Settings

A Simulation Study

Akhil Vaid, MD; Ashwin Sawant, MD; Mayte Suarez-Farinas, PhD; Juhee Lee, MD; Sanjeev Kaul, MD; Patricia Kovatch, BS;
Robert Freeman, RN; Joy Jiang, BS; Pushkala Jayaraman, MS; Zahi Fayad, PhD; Edgar Argulian, MD; Stamatios Lerakis, MD;
Alexander W. Charney, MD, PhD; Fei Wang, PhD; Matthew Levin, MD, PhD; Benjamin Glicksberg, PhD; Jagat Narula, MD, PhD;
Ira Hofer, MD; Karandeep Singh, MD, MMSc"; and Girish N. Nadkarni, MD, MPH"

How does performance of an artificial intelligence (Al) predictive model change with model
retraining, or sequential or simultaneocous deployment of related models?

At fixed 90% sensitivity:

Model lost 99 to 39%

Model retraining specificity

Sequential deployment of First model lost 89% to 15%
related models specificity

Simultaneous deployment Each led to ‘_l°/o to 28%
of related models reduced effective accuracy
of the other

Vald A, Sawant A, Suarez-Farinas M, et al Iimplications of the use of ardificial ines=l dwe ¢ dels in healch care seings A srulacion soudy =N

(Annals Ann Intern Med. 10 October 2023, [Epub ahead of prine]. doi 1073260230545
of Internal Medicine -
N

hopdfacpiournals orgf/doi | 0.7326/M23 0749
© 2023 American College of Physicians



Dynamic prediction of renal survival among deeply A Europeanvalidation cohorts B USvalidation cohorts

. . . . e - Prediction Prediction
phenotyped kidney transplant recipients using artificial 100 ®!nitial prediction performance oo borizon

intelligence: an observational, international, multicohort ® Dynamic prediction performance .
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clinical investigation www.kidney-international.org

An ipternational observational study suggests

®CmssMark
thatjartificial intelligenceffor clinical decision ___ commentary on page 255

support optimizes anemia management in
hemodialysis patients

Carlo Barbieri', Manuel Molina?, Pedro Ponce’, Monika Tothova®, Isabella Cattinelli’,
Jasmine lon Titapiccolo', Flavio Mari', Claudia Amato', Frank Leipold', Wolfgang Wehmeyer',
Stefano Stuard', Andrea Stopper' and Bemard Canaud'~

"Fresenius Medical Care, Bad Homburg, Germany; *Servicio de Nefrologia, Hospital Universitario Santa Lucia, Cartagena, Spain;

Fresenius Medical Care-Dialysis Center Lumiar, Lisbon, Portugal: “*Fresenius Medical Care-Dialysis Center Motol, Prague, Czech Republic;
and *Mon tpellier University |, UFR Medicine, Montpellier, France

Kidney International (2016)]90, 422-429

8y Alpatients =~ b, ACMCompliantgroup
Il Control phase Il Control phase
% B Interventional phase 30 I Interventional phase -
25}
20
9 |
2] (]
215 £
2 g
T @151
o o
10
10}
5t 5t
02040507091 12141517192 22242527 02040507091 12141517192 22242527
Hb SD Hb SD

Table 5| Parameters used by the hemoglobin predictive

model

Parameter Time
Sex At admission
Height At admission

Previous delta hemoglobin
Ferritin

Transferrin saturation index
Albumin

Phosphate

Leukocytes

C-reactive protein

Mean corpuscular volume
Mean corpuscular hemoglobin
Calcium

Sodium

Potassium

Dry body weight
Predialysis weight

Past month
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement
Latest measurement

OCM Kt Latest measurement
Darbepoetin doses Past 90 days
Iron doses Past 90 days

PMEY b,




L essons Learned.....

* We can predict lots of important endpoints — CKD
Progression/ ESKD, Severe AKI, Transplant function
* |s predicting Stage 1 AKI important ?

* Prediction and Prevention are different things

* Testing a static model is different than a dynamic

(learning) model

* What works in 2025 may not work in 2027.
* What works in Chicago may not work in Madrid.




Other advanced technologies (e.g.,
wearables, home monitoring, implantables,
generative Al, agentic Al, etc.)



CENTRAL ILLUSTRATION: Al-Enabled Smartwatch ECG for Potassium
Monitoring

Training Phase

Input Training Dataset Training £CG inclusion/Exclusion
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1.0

0.0 0.2 o4 (e B o8 0
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— S (AUC: O 807 [95% C1. O778-0.535D)
——— Apeie Watch (AUC: O 831 [95% C- 0.693-0975D
— CSAMT CALC : O.876 [95% CI: OO.765-09=7D

Chiu I-M, et al. JACC Clin Electrophysiol. 2024:10(12):2644-2654.
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Implantable bioelectronics
and wearable sensors for
kidney health and disease

Surabhi B. Madhvapathy B, Soongeon Chal@ ™, Elisa GessarcliD ™ Elsonora Forte®*, Yinal Xleng 3,
Lorenzo Galloni® % & kohn A. Rogers 11120




Implantable bioelectronics
and wearable sensors for
kidney health and disease

Surabhil B Mad hy DY B, o Cha'®", Elisa Gessarolr3 7 Elsonora Forts 3%, Yinal Kiong 3T,
Lorenzo Gallon B2 & kohn AL Rogeng D L2l

g Solutes to
measure

 Creatinine
« BUN

 Uric Acid
e Potassium
« Cystatin C

Reference electrode

Insulating link

i J

Creatinine Metabolites (uric acid)

Adaptor Microneedle

——Parafilm Working electrode

R




Temperature Monitoring for Transplanted Kidneys

€ Iscgenic transplant Allogeneic transplant
graft acceptance graft rejection




AKI RPM Participants

Historical Controls

Original Research

Kidney Medicine

AKI RPM Enrollees from 10/2021 — 11/2022
(Included in Description of the Experience;

Candidates for AKI RPM participation were indniduals with AK]
during a hospitalization, an inpatient nephrology consultation,
who were expected to discharge to home, not on dialysis, and to
receive follow-up care at a Mayo Clinic facility in the Midwest.
Fregnant patients, those with dementia, non-English speaking
individuals, those in other RPM programs, or with a recent L\VAD
or transplant were excluded.

Candidate Controls with AKI during a
hospitalization from 10/2018 — 09/2021
(N = 9094)

To match AKI RPM criteria, indniduals were excluded if no
inpatignt nephrology consultation (M = 3351), did not discharge
to home (M = 2742), discharged on acute dialysis (W = 9).
All candidate controls were from the Midwest region. Pregnant
patients (N = 52), those with dementia (N = 1082), non-English
speaking individuals (N = 492), those in other RPM programs
{M =T}, or with a recent LVAD (N = B) or transplant (N = 334)
were excluded.

1
Actively pariicipated in the program after discharge
and were described in more detail (N = 40)

Eligible for Matching (N = 1017}

|| Exclusions
AK] stages 1 or 2 (N =6)

Exclusions
Mot matched (M = 915)

Stage 3 AKI survivors enrolled in AKI RPM
(Included in Effectiveness Assessment; N = 34)

Stage 3 AKI survivor controls

(Included in Effectiveness Assessment; N = 102)

Number of Recommendations
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Acute Kidney Injury Survivor Remote Patient Monitoring: )
A Single Center’s Experience and an Effectiveness S
Evaluation

Mariam Charkviani, Andrea G. Katfah, Andrew D. Rule, Jennifer A. Ferguson, Kristin C. Mara,
Kianoush B. Kashani, Heather P. May, Jordan K. Rosedahl, Swetha Reddy, Lindsey M. Philpot,
and Erin F. Barreto

Home monitoring after AKI — if it
worked you would know this paper

Recommendations in Response to AKI RPM Alerts




Generative Al

* Improve workflows
« Converting
dialogue/interactions into
documentation
 Generate referrals from notes
* Improving patient “face time”
 Less burn out
 Educational tools
* Assist in talks/questions
« “Hallucinations”

%\mp\er Ianguag@

gfficiency

Content Creation

Scalability

Yojjez)jeuosied



Agentic Al — | am not sure we are there yet...

* refers to artificial intelligence systems designed to autonomously plan, decide, and
execute tasks with minimal human oversight

* Clinical decision support

* Patient triage

* Personalized treatment

* Predictive analytics

* Disease Detection

* Workflow —administrative support*®



Barriers and facilitators to the development
and implementation of new technology

show me a funny meme for this statement "Barriers and facilitators to
the development and implementation of new technology"

BARRIERS AND FACILITATORS TO THE
DEVELOPMENT AND IMPLEMENTATION OF
E= NEW TECHNOLOGY

| | NEW TECHNOLOGY




28

Al is not avallable everywhere

Number of notable Al models by geographic area, 2003-24 (sum)
Source:

ce: Epoch Al 3028 | Chart 2026 Al Index report

1-10

11=20
B 21-60
B &61-100
B 101-560

Stanford Universitv Artificial Intelliaence Index Repnort 2025




Other Barriers to Implementation

 Data Quality
* Garbage in = Garbage out
* Bias
* Diverse Multi-center data is the exception....
* Regulatory Issues
* Lockedvs. Unlocked data — Real World vs. Trials
* Clinical integration
* I|nstitutional set-up, maintenance, and
adjustment are needed o



30

Validation and Re-development....

AKI - Artificial
intelligence tool
development/
validation

—

Recalibrate model over
time with additive

biomarkers, intervention,
and retest [ )

/

AKI

Artificial intelligence risk

Assessment tools

'\

Intervene in

Clinical trials

implementation

Identify
AKI phenotypes

@\

If successful

5

Identify ideal
treatment targets

\

-

)

-~

Lo
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Redevelopment/validation

Determine why not successful

* Develop revised tool

* Develop different tool

= Adding biomarkers, other
interventions
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If not successful
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o Open-source research format

/O\ C for longitudinal ICU data
science
|_ | e Federated research network-
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Barrier — Education / Training

Traditionally Nephrologists
have not been at the
forefront of implementation
science, but | think this is
changing....

Improve Al literacy

More hands-on training /
curriculums




Where do | think we are headed?

* Integrated monitoring at home and
Health tracker lives in your toilet and from within the patient
automaticaIIy 5Cans pee Smart toilets to check for

Proteinuria
By Abhimanyu Ghoshal n m E E -]

« Hematuria
 Drug levels

* (Non)-Invasive monitoring to
‘ optimize
s « Hemodynamics / Volume Status
Drug Dosing
 |Immuno-status

CardioMEMS™ * Allleading to continuous
. 16 assessment and risk prediction for
-\ all things nephrology

Toto.com
abbvie.com




A preventive care strategy to reduce moderate or severe

acute kidney injury after major surgery (BigpAK-2); | ° 1 1 80 H |gh-r|Sk major

a multinational, randomised clinical trial

]
Alexander Zarbock, Marlies Ostermann, Lui Forni, Christian Bode, Lennart Wild, Christian Putensen, Diego Parise Roux, Elena Elias Martin, S u r e at I e n tS
Christian Arndt, Tim Rahmel, Silvia de Rosa, Céline Monard, Antoine G Schneider, Adam Glass, MonaJung-Kénig, Stefano Romagnoli, g ry p
James Gossage, Nuttha Lumlertqul, Jan Gerrit Haaker, Javier Ripollés-Melchor, Savino Spadaro, Antonio Siniscalchi Emmanuel Futier,
Lucie Aupetitgendre, Irene Romero Bhathal, Raquel Garcia Alvarez, Alice Bernard, Peter Rosenberger, Carola Wempe, Mahan Sadjadi,

Melane Meersch,Karen Fischhubet Rinaldo Blloma,fohn A Kellom, Thilo von Groote fo th BigpAK-2 study roup ran d om | Ze d t 0 K D I G O
o bundle or usual care
0002  Reduced rates of

Stage 2/3 AKI
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intervention arm had
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Conclusions

» Al is already here — but it needs refining

* Its in all aspects of Nephrology (AKI, Transplant,
CKD, path....)

» Rigorous testing /validation of all Al is essential

« What works in Chicago may not work in Madrid or
anywhere else

* Transparency

» Demystification of “black boxes”

 Clarity about what is in the algorithm

 Ethical oversight is needed (a whole separate talk)
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