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Established 2019 z

Come a long way... §

e 20 ->700+ member [ \
e Couldn’t happen without

m e m be r S u p po rt! ! MUSC Home > Innovation > Aificial Intelligence Hub
Clemson-MUSC Al Hub Clemson-MUSC Al Hub

Upcoming Events

Clemson University and the Medical University of South Carolina (MUSC) have
undertaken a joint effort to build research capacity and collaboration in the area
of Artificial Intelligence (Al) applied to biomedical research — an area of
strategic priority for both institutions. This new research alliance, known as the
Clemson-MUSC Al Hub, is jointly funded by both institutions and plans to
facilitate multiple activities over the next few years to promote collaborative
research in this domain.

Scan to sign up for
our email list!

Al Advocates

Intro Educational Resources

Join the Al Hub
mailing list e Our mission is to expand and promote the use, understanding and research
of artificial intelligence and related technologies in the biomedical/population

Mission
to expand and promote the use, understanding and research of artificial
intelligence and related technologies in the biomedical/population health
domain across Clemson and MUSC


https://web.musc.edu/innovation/ai-hub

Clemson mmp AlResearch am MUSC

Alllance

l Seed Grants

Educational Series
Al Consult Service
l Al Annual Summit

Increase Collaboration

e Build and support research capacity
e Facilitate funding/Tech transfer

e Collaborative education
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The Clemson-MUSC Al Hub:

Accelerating Adoption of Al Methods in Research

Seminar

Consult seiliss

service
Grant

activity

Al Pilot
grants

* Increase collaboration

Continuing
education

Student
engagement

Al Summits

* Build & support research capacity

* Education

Al Hub Metrics at a Glance

Seed Grants:
8 Funded in 2 years

Seminar Series:

50 Speakers, ~25
attendees per session

Al Hub Membership:
>600 total members

>400 MUSC, >100
Clemson, >50 Other

Consult Service:

>90 consults with an
estimate >4000-person
hours allocated

Al Summits:

3 previous with >350
attendees. >200
registered this year

Extramural Grant Activity:

Al Hub has supported
funded proposals (totaling
more than $35,000,000 total
support) and 8 submitted
proposals in 2023

Continuing Education:

NetApp/Marklll Edu
Series, >300 registered
attendees
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Total Members

Clemson MUSC Al Hub - Membership Growth Analysis

Cumulative Membership Growth Monthly New Signups
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Al Hub
Seminar Series




Al and Machine Learning Education Series:
South Carolina

SANVIDIA. Tachnowae BDviusc CLEMS#N

Systems Medical Univorsity

of South Carolina

[ ] Al/ML Education Series:
E t I n | Wednesday, Sept 20th (11am-12pm ET) juction t t
Speaker: Data Scientist, Mark |1l
O I I .




Extramural Funding Growth

Al Hub leadership team involved
in securing significant
extramural funding
o 15 funded proposals
o >$35M
o submitted 8 additional
proposals, expanding their
future impact
Diverse funding sources,
including federal agencies (NIH,
NSF, DOD, VA, NASA), industry
partners, and non-profit
organizations

Funded: Al Leadership Clemson MUSC Other
ts Tithe!F Funding Funding | Institution(s) Total
App&ng Decp b-mn;hoAmnume Idumﬁ:mrmf\'enmlnSepul Defects by
Baker, PI p d by MUSC Pediatrics DCRI Internal Research Grant $50,000.00 £50,000.00
RECOVER Post-Acute Sequelae of SARS-CoV-2 (PASC) Electronic Health Record (EHR)
Baker, Co-L\Clinécian Cohort S nsored by RECOVER-EHR. Research $270,500.00 $270,900.00
Efficient Modeling and Guiding of Investigations of High.P
lem-gbuye-nwmchumw wm«lbylhevml
han, Co-d y:mn- {VIPR.GS) Center (Army Funded/Created Center| $769,082.00 $769,082.00
2 Dynamic Modeling Fra ek for Surveillance, Prediction, lndlul | Time
Re-surce Allamn-hkednu}hllh Disparities During Covid-19 and Future Pandemics
Cod (ROI LMO14193); d by National Institutes of Health $2.371,518.00 $2171,518.00
CU SUCCEEDS Program 2: Elucidation of and single-cell i
derlying leaf in sorghur; sp d by Clemson University SUCCEEDS
McMahan, Cod Program £25,000.00 $25,000.00
Computationall decision making in model creation, validation, and trade space
evaluation; sponsared by the Virtual Prototyping of Ground Systems (VIPR.GS) Center
[McMahan, Col [Army Funded/Created Center) £313,330.00 $313,330.00
Gmupluh; for infections discase detection (RO1-AII21251), sponsceed by the National
McMahan, Cod Institutes of Health $708,438.00 $1.456,515.00 | $2.164.953.00
RIl Track-2 FEC: A i i £ i for G
Phenome Mapping via | diate Phy {OIA-1826715), d by the Natianal
McMahan, Cod Science Foundation $2,100,620.00 $3,899.365.00 | $5.999,995.00
(Obeid {co-PI) Baker {co-I) NSF-EPSCORE RII Track-1: ADAPT in SC $7910,631.00 |$3007,692.00| $9.081,677.00 | $20.000,000.00
Obeid (Co-I) DiCAYA: South Carolina Youth COVID supplement. Leise (USC). Speasored by the CDC. $33,191.00 $33,191.00
IRO3 HS25050.01. 'lbe Dmbpmu of an EHR based Measure of Orthopedic Treatment
Obeid (Co-I Success. $23,966.00 $23,966.00
|Obeid (Co-I) Impeoving Minarity Health in Rheumatic Discases (IaMHeoRD). Spomsored by NIAMS. $3,650.852.00 $3,690,852.00
Teleconsent: Enabling Informed Consent for Remote Care and Rescarch. Sponsored by
|Obeid (Co-F) NCATS. $258.597.00 $258,597.00
American Society of Nuclear C«-ﬁnloy:‘l’ﬁm Inmc. \'cnn; lmratgnnr Awml External
Validation of Deep Learning for the for
Wehbe (P1) the Diagnosis of ATTR-Cardiac A idosi S50,000.00 $50,000.00
MUSC SCTR Discovery Award {Intramural) - Naninvasive Jugular Venous Pressare
‘Wehbe (Co-PI), Baker {co-  Assessment using Noo-contact Optical Sensing Cameras for the Management of Chronic
Ul Heart Failure $25,000.00 $25,000.00
Total S14,198.639.00 | $7,139.208.00 | S14.708.457.00 | $36,046.394.00
Submitted: Al Leadership
Graats
BRIDGES: Biclogical Rescarch using 1. ascipln G ics and Engil
[McMakan, Co-d Sciences; National Science Foundation $15.000,000.00 $15.000,000.00
NwelSuveithulmgaﬁer Bome Discase which Reduce Cost and Improve
McMahan, Cod by the National Institutes of Health $176,435.00 $176,435.00
Du-se Mmklng and Analytics to inform Outhreak
and Elimination in South Carolina (DMA-PRIME}; sponscced by the Centers for
CoPi Disease Control and Prevention $17,231,774.00 $17,231,774.00
ROI NCL, jon of Proactive and Digital Mental Health Intervention
Delivery to address Unmet l’lycbwomll Needs of Individuals Living with Likely Incurable
|Obeid (co-I) Cancer
RIS with Clemson. Analyze patient safety risk factors, demands placed on prebospital
providers, usability of the work systems, and barriers and facilitators in the workflow in an
(Obeid (co-I) ambulance-based prehospital care setting
RO1 with Duke. Cox. NIH. Eliminating racial bias in ICU mortality prediction models.
Obeid (Co-I) MUSC $1,494,894.00 $1,494,894.00
(Obeid (Co-L'Care Director) CCSG Hollings R ission P30. NCI.
S0 hmhmn Grant: [ntegrating Multi-omics into Ongoing NIH Rescarch through £1,200,000.00
Baker (co-I) Wehbe (co-T)  Artificial I NIH 1 $1.200,000.00
Total ;Wm.ﬂ. $2,694.894.00 S SIS 103, 105,00




4th Annual Al Hub Summi
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Al Hub
Consultancy
Service

Al Consult Service

The Al Program services include machine
learning and deep learning for a variety of
data types including EHR data, clinical text,
images or other data types. The consultations
are ideal for applying Al-based methods to
current or future research.

Click for Al Consult

Assist investigators in:
® Applying Al/ML methods
® Identifying clinical domain expertise

|dentify resources:

compute/staff/potential funding
mechanisms

No AlI/ML background required
90+ Consults performed



Al Hub

Consultancy
Service

Al Consult Service

The Al Program services include machine
learning and deep learning for a variety of
data types including EHR data, clinical text,
images or other data types. The consultations
are ideal for applying Al-based methods to
current or future research.

Click for Al Consult

Reach

All MUSC Colleges, >20 Depts
Clemson 3 Colleges, >10
Depts

Numerous collaborative Al/ML
teams formed

Actively integrating students
from multiple Colleges/Depts
Supported numerous
internal/external funding
application



Gartner Hype Cycle

AVISIBILITY

Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment

1 Technology Trigger TIME

A 4

“Middle aged, bald doctor contemplating Al’s
future” *Generated by Al - DALL-E






Why We Need (the
right) Al in Medicine

Medscape 3
US Physician ,
Burnout & =
Depression
P “‘
” 4,

Diagnostic support

Image and patient triage
Decreasing EHR burden
Increase face-to-face time
Improve medical
education

e Truly help us not squeeze
. more out of us

Report

2023




DECISION SUPPORT &
HOSPITAL MONITORING

CLOUD COMPUTING &
BIG DATA

&

MEDICAL IMAGING &
BIOMEDICAL DIAGNOSTICS

PRECISION MEDICINE &
DRUG DISCOVERY

DIGITAL MEDICINE &
WEARABLE TECHNOLOGY

Graphic courtesy of AIMed



What is AI? abroad field of computer science that seeks to

create intelligent machines that can perform tasks that
typically require human intelligence

Deep learning

Machine learning

Text generation RSEperdsEa

Supervised
Question answering

Natural language processing
Context extraction

Classification

Machine translation

Expert systems <mmmmmm—“i—

Speech to text <mmm—"

o Speech

Text to speech <

Image recognition —
Vision
Machine vision >
Planning @

Robotics



Machine Learning

o) _—~— — — —ARTIFICIAL INTELLIGENCE
g A technique which enables machines
Artificial Intelligence _ to mimic human behaviour

Machine Learning

MACHINE LEARNING
el e~ — —— —— —— — — — Subset of Al technique which use
statistical methods to enable machines
to improve with experience

Ix

Deep Learning Py

>~ DEEP LEARNING
S~ — — — — —_ __Subset of ML which make the
computation of multi-layer neural
network feasible




Artificial Neural
Networks

input layer

hidden layer

output layer

Stacked layers of computational nodes
that function together to find patterns
and loosely represent simplistic
neurons

Deep learning = more hidden layers

Each pair of nodes is associated with a
set of numbers (parameters)that
represent the strength of connections
between them

Parameters are adjustable, and
iteratively updated during the training
process
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The Full Story of Large Language Models and RLHF
https://www.assemblyai.com/blog/the-full-story-of-large-language-models-and-rlhf/
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2016

JAMA | Original Investigation | INNOVATIONS IN HEALTH CARE DELIVERY

Development and Validation of a Deep Learning Algorithm
for Detection of Diabetic Retinopathy

in Retinal Fundus Photographs

Varun Guishan, PHO: Lty Peng. ND. PRO. Maes Coram, PhD, Martin C Stumpe. PhD: Derek WL BS Arvnachalom Nacayanaswamy, PhO,
Sbhaniers Verupopaian, M Kasurmt Widher, NS Tom Madems, Ming Jorge Cuadros, 00, PRO, Rarmusamy Km, 00, DN
Ragv Raeman, VS, ONE, PRl C. Nelson, 85 Jessica L Moga, MO V. Dale B Webzet, PO

Conclusion - “high sensitivity and
specificity for identifying diabetic
retinopathy and related eye diseases”



LETTERS | FOCUS m
hitps://doi.org/10.1028/541591-018-0240-2

2019 Screening for cardiac contractile dysfunction
using an artificial intelligence-enabled

electrocardiogram

Zachil. Attia', SurajKapa', Francisco Lopez-Jimenez', Paul M. McKie ', Dorothy J. Ladewig?,
Gaurav Satam?, PatriciaA.Pellikka ™', Maurice Enriquez-Sarano’, Peter A.Noseworthy "',
Thomas M. Munger', Samuel J. Asirvatham', Christopher G. Scott®, Rickey E. Carter > * and
Paul A.Friedman©™

AUC-ROC = 0.93
Sensitivity = 86.3%
Specificity = 85.7%
Accuracy = 85.7%

Trained/validated on 44,959 pts
Tested on 52,870
12 lead EKG data
Identify EF <35%
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Gartner Hype Cycle

VISIBILITY

Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment

‘ Technology Trigger TIME

A 4
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Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment

Technology Trigger TIME

@OpenAI

ChatGPT




@OpenAI
ChatGPT

m— Time to Reach 100M Users

a{ Months to get to 100 million global Monthly Active Users

78

. ol 3
©)
§ 0o

L :

61
55
' | |

Google Translate Uber Telegram Spotify Pinterest Instagram TikTok ChatGPT

Source: UBS / Yahoo Finance YW @EconomyApp & APP ECONOMY INSIGHTS




- 1!"\"5 ' e Made of block (often neural
L : networks)
) e Parallelization

e word embeddings (relationship
between words)

e attention mechanisms (importance
of words/phrases = contextual)

e Generative Pre-trained Transformer
(GPT)

The Full Story of Large Language Models and RLHF https://www.assemblyai.com/blog/the-full-story-of-large-language-models-and-rlhf/



Output
Probabilities

e Made of block (often neural

networks)

Add & Norm

e Parallelization

e word embeddings (relationship
between words)

e attention mechanisms (importance
of words/phrases = contextual)

Posiona () ] Postns e Generative Pre-trained Transformer
£ (GPT)

Inputs Outputs
(shifted right)

The Full Story of Large Language Models and RLHF https://www.assemblyai.com/blog/the-full-story-of-large-language-models-and-rlhf/



Output
Probabilities

e Made of block (often neural

networks)

Add & Norm

e Parallelization

e word embeddings (relationship
between words)

e attention mechanisms (importance
of words/phrases = contextual)

Posiona () ] Postns e Generative Pre-trained Transformer
£ (GPT)

Inputs Outputs
(shifted right)

2017

The Full Story of Large Language Models and RLHF https://www.assemblyai.com/blog/the-full-story-of-large-language-models-and-rlhf/



ARITHMETIC

LANGUAGE UNDERSTANDING

8 billion parameters

The Full Story of Large Language Models and RLHF https://www.assemblyai.com/blog/the-full-story-of-large-language-models-and-rlhf/
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HEALTH & WELLNESS

A boy saw |7 doctors over 3 years for chronic
pain. ChatGPT found the diagnosis

Alex experienced pain that stopped him from playing with other children but doctors had no answers to why.

His frustrated mom asked ChatGPT for help.



m Microsoft + ™\ g Nuance

assistant for automated
clinical documentation.
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Al-Enabled Healthcare Solutions

D ARTERY S

Medical Imaging Cloud Al

The IDx-DR

autonomous Al

system from Digital
Diagnostics.

VizLVO VizANEURYSM VizICH

Viz SDH

BUTTERFLY iQ

Lo e e

Al is becoming
part of clinical
medicine

@

PathAl

Dia

nostics



Clinical Implementation must have Clinician

Buy-in

e What motivates clinicians

(intrinsic and extrinsic) r‘

e Identify/recruit clinician E_,i
champions and early adopters ; \ ‘

e Clinicians are the best pathway k

to patient acceptance o




Maryland Politics Localnews  D.C.politics  Va. politics

Maryland Politics

University of Maryland Medical System drops race-
based algorithm officials say harms Black patients

e Race-based eGFR [estimate
glomerular filtration rate] to
assess kidney function

e An estimated 720,000 African
Americans might be treated
earlier for kidney disease if race
were removed from the
calculations of kidney function




Practitioner Bias -> Algorithmic Bias

The Risk of Coding Racism into Pediatric
Sepsis Care: The Necessity of Antiracism in

Machine Learning

William Sveen MD, MA ' & ®, Maya Dewan MD, MPH 2: 3, Judith W. Dexheimer PhD, MBA %

Ethical Considerations Related to Using Machine Learning-Based
Prediction of Mortality in the Pediatric Intensive Care Unit

Kelly N. Michelson, MD, MPH 2 & ¢ Craig M. Klugman, PhD ¢« Abel N. Kho, MD, MS -«
Sara Gerke, Dipl-Jur Univ, MA

Sveen et al J Pediatr 2022;-:1-4)



bi-as
/'bias/
<

prejudice in favor of
or against one thing,

person, or group
compared with
another, usually in a
way considered to
be unfair.

Implicit (unconscious)
bias

Algorithmic bias

o Not new to Al
Propagate existing
societal bias

Amplify healthcare
Inequity



Models can
be Trained to
Discriminate

Al Algorithms are only as
good as their training data
Biases are difficult to
identify in training data
Historical databases

contain bias
This could worsen health
disparities




Table. US Patient Cohorts Used for Training Clinical Machine Learning

Algorithms, by State®

Data Diversity

States No. of studies
California

PI"Oblem Massachusetts

New York

Pennsylvania

e 2015-2020 rad, cards, Gl, optho, derm, path

e /1% of studies from 3 states

Kaushal A, Altman R, Langlotz C. Geographic Distribution of US Cohorts
Used to Train Deep Learning Algorithms. JAMA. 2020;324(12):1212-1213.



Data Diversity

Problem
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Country

e 61% of studies from 3 countries

Celi LA, Cellini J, Charpignon ML, Dee EC, Dernoncourt F, et al. (2022)
Sources of bias in artificial intelligence that perpetuate healthcare
disparities—A global review. PLOS Digital Health 1(3): e€0000022.



Combating Bias

e Ensuring data diversity
e Robust testing and evaluation
e Regulation

e Diverse, transdisciplinary development and
implementation teams



Combating Bias

e Human-in-the-loop
e [ntegration of Bioethics through entirety

o (study design and data collection, data entry and
cleaning, algorithm and model choice, and
implementation and dissemination of the
results)

e Incentives and oversight



Trust & Disclosure

Transparency g Ejgleigt, providers,

e Detailed description of
Data

e Feature/Parameters
Input — LY — Output selection
e Al methodology

e Explainability




Data Privacy

Data ownership
Opt out or be rewarded?

Re-identification

Balancing data sharing for

research and innovation with
individual privacy right
HIPAA adequacy

Rights over one’s digital twin




Democratize and globalize
OR
Accelerate maldistribution and
access?

Access and Allocation

e We risk improving care only for those
well represented in the training data

e Promote international collaboration to
ensure equitable access to Al in
healthcare across the globe

e Develop and implement policies to
promote affordable access to
Al-powered healthcare tools to all




Informed Consent
&
Decision-Making

Notify of use
Responsibility to educate
Discuss performance
metrics

Discuss potential lack of

explainability




Patient - Clinician
Relationship

Communicate complex
probabilities with empathy and
sensitivity

Predictions alone are only so
useful

Direct-to-consumer

New probabilities, new problems

o Unnecessary follow-up
testing

o patient anxiety - false
positive




Safety

Drift

Safe exploration in an
unforgiving environment
Distributional shift
Interpretability

o Estimation of

confidence
Automation complacency
o Unsafe failure




Liability &
Medical Error

Who shoulders liability?
o Problem of many hands
Clinician Malpractice

CDS as a tool

Al becomes standard of

care
Malpractice insurance for
Als
Hospital liability
o Negligent credentialing
Product liability




Erosion of
Clinical Skills

Automation bias
Augment rather than
replacement

Should MDs still perform
tasks that have been
proven to be done better

by machines?
|s information retention an
antiquated expectation




Explainable Al

New Learning Techniques (today) Explainability

Approach (notional)
Neural Nets

Coep

Loarning
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Explainabilty
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Deep Explanation interpretable Models

Modfied deep leaming Techniques 10 learn more
lechniques 1o leam stuctured, inemeetable,
explainatie lealures causal models




Doctor + Al > Doctor or Al alone
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Thanks!

Contact :

baker@musc. edu




