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Case Presentation

+ 56 year old female with a PMH DM and HTN presenting to your outpatient nephrology clinic with newly
diagnosed CKD (eGFR 45 and Alb/Create ratio 100mg/g). She is very concerned about her new diagnosis of
CKD and wants to know what her risk of needing dialysis is.

+ You respond based on your experience and her eGFR and albuminuria levels, she is at high risk.

+ What if we could accurately predict her risk of progression using EHR data from all patients seen at your
clinic/hospital?
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Objectives

+ Provide a general overview of Al

« Examples of how Al can be used in nephrology

« Consi ions for Al i tation
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What is AI?
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Automating or augmenting data and information
processing tasks
Desired Output

Diagnosis
Al Model Prediction

Raw Data
User instructions
Tabular data
Sensors
Clinical text
Imaging

(embedded Clustering
knowledge) Summarization

Generation

Decision support

Making data work for patients, physicians and systems

Rajkomar et al. NEJM. 2019,

MACHINE LEARNING

Supervised Unsupervised s P
Machine Learning  Machine Learning Learning Learning
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‘What is machine learning?

‘What is machine learning?
Machine Learning

Data is labelled to tell the Supervised Unsupervised |Data has no labels, machine Data is labelled to tell the
machine what to look for Learning Learning to look for whatever pattern it machine what to look for
can find. l Risk of CKD ‘
Tubule vs. Glomeruli Progression
{ Classification ] [ Regression ] Clustering Subtypes of
AKI
S o
Machines Regression, GLM

Data has no labels, machine
to look for whatever pattern it
can find.

[ Ensemble }
Naive Bayes Methods
( J
( J

Decision Trees

[ Nearest Neighbor ]

Neural Networks

[ Neural Networks ] Neural Networks

Artificial intelligence systems through the lens of a learning healthcare system

Knowledge to practice
Knowledge arising from
data and prior research
are used to identif
interventions that can
help to address the health
problem of interest

Data to knowledge
Data is gathered and
analysed to understand
gaps in care

Al can be used to:

*denty i iskand Health problem e . Al Use in Nephrology

dlowekpatlents of interest o high-risk patients
likelihood for REIR EnCing ecess AN
B, interventions in low-risk
patient level, hospital Rabents
level, and system
level
« Identify factors that Formation of a learning
contribute to an Practice to data community
individual’s risk Practice changes leave a digital Learning requires
footprint that can be used to assess  communities to work
the impact of the interventionon together to solve a health
the health problem of interest problem of interest

Loftus ot al. Nat Rev Nephvol Juy
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Al for AKI Prediction

+ AKIl is common in hospitalized patients and associated in morbidity and mortality
+ Early detection may

— improve patient outcomes

— More opportunities for treatment

— Avoidance of further renal insults

Prediction of AKI

Actual Creatinine

« Study Population:

1 oo

— Multi-site retrospective dataset of
703,782 adult patients from all available

sites at the US Department of Veterans
Affairs, years 2011-2015

— Age 18-90
« Data types: EHR data
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+ ML algorithm: Recurrent Neural Network (DL)
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« Outcome:
+ AKI by KDIGO Creatinine Criteria
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Predicted Lab Values

al. Nature July 201

Al for CKD Progression Risk Stratification

+ One in four adults with type 2 DM have kidney disease

« Existing measures do not precisely identify patients who will experience rapid kidney function decline

No Progression

eGFR
-,
1
!

Rapid Progression

Prediction of DKD Progression

Mount Sinai UPenn
BioMe Biobank @ BioBaNk  N=1146

Derivation AUC 0.77  Validation AUC 0.77

+ Data type: EHR data and plasma biomarkers
+ ML Algorithm: Random forest model
+ Outcome:

+ Primary outcome was composite kidney

endpoint at 5 years:

eGFR slope decline of
5 ml min~"[1.73 m]2 per year
a sustained decline in eGFR of 240%
kidney failure defined by sustained .
eGFR <15 ml min™" [1.73 m]2 T N RN
receipt of long-term maintenance
dialysis or receipt of a kidney
transplant

bigh ks
(A
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Kaplan-Meier Curves by KidneyIntelX Risk Strata for the Endpoint of

Al in Nephropathology
Sustained 40% Decline in eGFR or Kidney Failure (Validation n=460)

Pathology constitutes a cornerstone in the diagnosis and treatment decisions of many kidney diseases.

RiskcCotegony” i Lo RIEKT IS ITiemala sk BT I RISk « It relies on morphology-based histopathological tissue analysis, which remains manual and requires highly
trained expert pathologists; which is not always readily available.
1.00-
« The same is true for nep a highly specialized area of focusing on the complex
Hazard Ratio for High vs. diagnostics of kidney diseases.

075 Intermediate/Low: 9.1 (95% Cl 5.8-14.4) « Progresses in digitization of pathology enables workflows augmented by advanced image analysis
= . techniques
= Hazard Ratio High vs.
2 o Low: 14.7 (95% Cl 7.8-27.6)
£
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Time in months
Chan ot al. Diabetologia Apr 2021

Arkana Labs

Automated framework for large scale histomorphometry in nephropathology Unstructured data > Structure Data

Study Population/Data Types: Using biopsy/nephrectomy data ?
from five different sites

Lack of meta-information

ML Algorithm:Two CNN were trained to automate segmentation
inference: glomeruli, tubules, vessels, and interstitium

structured data

Standardization issues
Data quality and bias

Infrastructure and human
resources

This allowed for large scale comparison of glomerular
morphometric features in common native kidney diseases

* Median glomerular tuft area was larger in 20% of lupus

nephritis vs. 19% in minimal change, and 41% in
membranous compared to normal baseline.

«+ Morpholometric features were associated with progression of Lack of suitable analysis tools, dd
IgA h ith T cal .
gA nephropathy . Sop e S v methods, and techniques unstructured data

Legal and ethical issues (iree text data)

Holscher Nat Commun Jan 2023

Sedlakova et al. PLOS Digit Health Oct 2023
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NLP

Computer
Science
Relationship

amee (8

Tapic
Classification

Entity
Extraction
NLP

Sentiment
Analysis

Artificial
Intelligence

o~
&,

Raw Language
Processing

jse: Insert tab > Text group > Header & Footer dialog to globaly edit the footer 2

NLP Pipeline

Free text from electronic health records

|

Spelling Tokenization :::;E Dependency
Correction Segmentation Tagging (el

|

Detection of occurrences in documentation

Text Vectorization

y=k+ Bx;+ Byx,+ ... + Bx,

Bag of words

« Vector is a frequency with which each word appears in a given text
« Simple but doesn’t account for meaning

"I like oranges, do you like oranges?’ ———————=

BoW text vector

apples
AO

like

oranges
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Word2Vec

fich

Bidirectional Encoder Representations from Transformers (BERT)

BERT trained on the entire English-language Wikipedia and the Google Books Corpus, a large collection of
unpublished novels.

« Neural net that processes text into vectors . o L trar to word ings (word vectors)
- ~dancer
+ Model is trained against words that neighbor 015 ) i ST adiees
them in the input corpus o
+ Similar words are close to each other Lo o0 el ater .huwm.w::::h
< programmer Input
+ Encodings are rigid: same vector even if aword |y
has different meanings _neRERS Token

on ~pumber - Embeddings
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g% Position
= 7 o [ ] ) ] o ] Embeddings E,
he she
Transformers Why We Need Attention
Bark
Attention Is All You Need . g f
The tree bark is brown. The dog’s bark is loud.
Meow Chirp
Ashish Vaswani* Noam Shazeer* Niki Parmar®  Jakob Uszkoreit"
Google Brain Google Brain Google Research Google Research ® Moo
con com
Bark
Llion Jones" Aidan N. Gomez" Lukasz Kaiser* ?

Google Rescarch
11i0n0google. com

. ChatGPT

University of Toronto Google Brain
aidanacs. t

Tllia Polosukhin® *
i11ia.polosukhin0gmail .con

x .
Gemini

m Meta Llama

Leaves  Fiowers

Twigs
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Self Attention Extracts Relationships Between Words

The tree bark is brown.

Leaves  Flowers

Twigs

The dog’s bark is loud.

Meow  Ghim

Moo

Generative Pre-Trained Transformer (GPT) is a Large
Language Model or LLM

Large Language Model (LLM) - Given the

statistical distribution of words in the vast

public corpus of (English) text, what words

are most likely to follow the sequence

The first person to walk on the moon was...Neil

Armstrong

Generate statistically likely sequences of

words (tokens).

LLMs do not understand text meaning in a literal

sense - just the statistics/mathematical model

LLMs to Answer Multiple Choice Questions

+ Evaluate the ability of several LLMs to answer multiple choice questions

_ 858 Self

Program (nepl

) from January 2016 to April 2023

Unstructured Database

LLM Performance

+ GPT4 and Claude 2 were far superior to open
source LLMs

— Passing grade for human test takers was 75%

+ Majority of open-source LLMs’ overall score
did not differ from what would be expected if
answered at random

« Evaluation of quality of answer explanations:

— Word error rate (WER, how similar are two
texts, lower score better): 0-22%

— BLEU (quality of generated text compared to
ground truth, higher score better): most scoring
<0.1

— Cosine similarity metric (similarity across two
texts, higher score better): ~0.3

W et al. NEJM Al lan 2024

LLM Total Qs N Correct % Correct cl
GPT-4 858 629 73.3 70.3-76.3
Claude 2 858 467 54.4 51.1-57.7
Vicuna 858 219 255 22.6-28.4
Orca 858 147 171 14.6-19.6
Falcon 858 155 18.1 15.5-20.7
Koala 858 204 23.8 21.0-26.6
Llama 858 263 30.6 27.6-33.8
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Chatbots for CKD

Instructiol

@

Kidney Care

The chatbot should provide accurate information
aligned with the KDIGO 2023 CKD Guidelines.

It should maintain patient confidentiality and not
store personal health data.

The chatbot should clarify when the user needs to

@

@ Koy Care

2. Nonstaolda Mineraiocotcad Receptor Antagonist (MRAS):Theseare

200,30 0GR 525 mrmin er 173

R For

KD and T20,6LP. o, and agtce my b usod,

Considerations for Implementation

seek direct medical advice rather than relying
solely on information provided through the chat.
It should avoid providing information outside of its
knowledge base and state when it is not able to
give a definitive answer.

Knowledge:

o

Ethical Implications of Chatbot Utilization in
Nephrology

Additional concerns with Al implementation

« Transparency and Explainability:
) ~ Many Al models are “black boxes”, making it difficult how they arrived at their decisions.
EESEEE — May lead to lack of trust in Al systems.

e - — Methods to interpret and explain Al driven recommendations are needed

biases and discriminati

+ Informed consent and autonomy:
— Patients should have the right to understand and consent to use of Al technology

— However, Al system complexity may make it difficut for people to fully comprehend the implications of Al-driven
interventions.

« Equitable access and resource allocation:

Data Handling and Security

Effective Chatbot Utilization

~ High costs, technological barriers, and unequal distribution of resources could widen the gap between those who can

Robust guideli dat benefit from Al-enabled care and those who cannot.

practices are fundamental ethi n preserve doctor-patient — Efforts are needed to ensure that Al are
o o y s ance patient trust or geographic location

toall of status
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Thank You/Any Questions?

10



