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CU-MUSC AI Hub

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

Come a long way…
● 20 -> 700+ member
● Couldn’t happen without 

member support!!

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

Scan to sign up for 
our email list!

Established 2019

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


Clemson MUSCAI Research 
Alliance

AI Hub
● Seed Grants
● Educational Series
● AI Consult Service
● AI Annual Summit

Increase Collaboration
● Build and support research capacity
● Facilitate funding/Tech transfer
● Collaborative education
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The Clemson-MUSC AI Hub:
 Accelerating Adoption of AI Methods in Research 

AI HUB
AI Pilot 
grants 

Grant
 activity 

Consult 
service 

Seminar 
series Continuing 

education 

Student 
engagement

AI Summits 

• Increase collaboration
• Build & support research capacity
• Education

AI Hub Metrics at a Glance

Seed Grants: 

8 Funded in 2 years 

AI Hub Membership: 

>600 total members

>400 MUSC, >100 
Clemson, >50 Other 

Extramural Grant Activity: 

AI Hub has supported 
funded proposals (totaling 

more than $35,000,000 total 
support) and 8 submitted 

proposals in 2023

Seminar Series: 

50 Speakers, ~25 
attendees per session

Consult Service: 

>90 consults with an 
estimate >4000-person 

hours allocated

Continuing Education: 

NetApp/MarkIII Edu 
Series, >300 registered 

attendees

AI Summits: 

3 previous with >350 
attendees. >200 

registered this year



AI Hub
Membership: A 
Community of 

Practice

● Over 600 members
○ > 350 MUSC members
○ >100 Clemson 

members
○ >50 members from 

other institutions

Scan to sign up for 
our email list!





AI Hub
Seminar Series

● Spring/Fall semesters
● Keynote speaker
● Showcase AI research 

across campuses
● Opportunity to engage 

local/regional/national 
AI+Biomed community



AI Hub
Educational 

Offerings Mark III/NVIDIA/DELL Education Series
● 3-4 Introductory workshops each season
● Designed for those with little or no AI/ML 

background
● Virtual hands on sessions with intro coding
● ~100-125 attendees registered each 

season



Consult table

● AI Hub leadership team involved 
in securing significant 
extramural funding
○ 15 funded proposals 
○  >$35M
○ 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

Extramural Funding Growth



4th Annual AI Hub Summit
This Fall!



AI Hub
Consultancy

Service 

• Assist investigators in:
• Applying AI/ML methods 

• Identifying clinical domain expertise

• Identify resources: 
compute/staff/potential funding 
mechanisms

• No AI/ML background required
• 90+ Consults performed



AI Hub
Consultancy 

Service

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

Depts
• Numerous collaborative AI/ML 

teams formed 
• Actively integrating students 

from multiple Colleges/Depts 
• Supported numerous 

internal/external funding 
application



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



AI in Healthcare

● What is it?
● How will it affect 

healthcare? Patient 
care?

● Why do we need it?
● What do we need to 

learn about it?
● Will AI take my job?



Why We Need (the 
right) AI in Medicine ● Diagnostic support

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

education
● Truly help us not squeeze 

more out of us



Graphic courtesy of AIMed



What is AI? a broad field of computer science that seeks to 
create intelligent machines that can perform tasks that 
typically require human intelligence



Machine Learning



Artificial Neural 
Networks

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



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



2017



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

2016



● 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% 

2019



Pause...
EKG - 1901

Millions??

Billions??

<50K







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



● Made of block (often neural 
networks)

● Parallelization
● word embeddings (relationship 

between words)
● attention mechanisms (importance 

of words/phrases = contextual)
● 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/



● Made of block (often neural 
networks)

● Parallelization
● word embeddings (relationship 

between words)
● attention mechanisms (importance 

of words/phrases = contextual)
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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/

● Made of block (often neural 
networks)

● Parallelization
● word embeddings (relationship 

between words)
● attention mechanisms (importance 

of words/phrases = contextual)
● Generative Pre-trained Transformer 

(GPT)

2017



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



Large 
Language 

Models

● GPT-3, GPT-4, GPT-N
● comprehend and generate 

human-like text
● highly versatile tools
● understand medical 

language 
○ opens up new 

possibilities
○ improved patient care 

and medical research



Large 
Language 
Models: 

Applications

● Telemedicine and virtual 
assistants

● Patient engagement
● Biomedical data analysis 

and research
● Models can be tuned with 

labeled dataset for specific 
tasks





AI is becoming 
part of clinical 

medicine



Clinical Implementation must have Clinician 
Buy-in

● What motivates clinicians 
(intrinsic and extrinsic) 

● Identify/recruit clinician 
champions and early adopters

● Clinicians are the best pathway 
to patient acceptance



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

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



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

Practitioner Bias -> Algorithmic Bias



● Implicit (unconscious) 
bias

● Algorithmic bias
○ Not new to AI

● Propagate existing 
societal bias 

● Amplify healthcare 
inequity

bi·as
/ˈbīəs/

1.
prejudice in favor of 
or against one thing, 
person, or group 
compared with 
another, usually in a 
way considered to 
be unfair.



● AI 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

Models can  
be Trained to
Discriminate



● 2015-2020 rad, cards, GI, optho, derm, path

● 71% of studies from 3 states

Data Diversity

Problem

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



● 61% of studies from 3 countries

Data Diversity

Problem

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): e0000022. 



● Ensuring data diversity

● Robust testing and evaluation

● Regulation

● Diverse, transdisciplinary development and 
implementation teams

Combating Bias



● Human-in-the-loop
● Integration of Bioethics through entirety

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

● Incentives and oversight

Combating Bias



Trust & 
Transparency

Disclosure 

● Patient, providers, 
public

● Detailed description of 
Data

● Feature/Parameters 
selection

● AI methodology
● 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



Access and Allocation

Democratize and globalize
OR

Accelerate maldistribution and 
access?

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

● Promote international collaboration to 
ensure equitable access to AI in 
healthcare across the globe

● Develop and implement policies to 
promote affordable access to 
AI-powered healthcare tools to all



● Notify of use
● Responsibility to educate
● Discuss performance 

metrics
● Discuss potential lack of 

explainability 

Informed Consent 
& 

Decision-Making



Patient - Clinician
Relationship

● Communicate complex 
probabilities with empathy and 
sensitivity

● Predictions alone are only so 
useful

● Direct-to-consumer
● New probabilities, new problems

○ Unnecessary follow-up 
testing 

○ patient anxiety - false 
positive



Safety

● Drift
● Safe exploration in an 

unforgiving environment
● Distributional shift
● Interpretability

○ Estimation of 
confidence

● Automation complacency
○ Unsafe failure



Liability &
Medical Error

● Who shoulders liability?
○ Problem of many hands

● Clinician Malpractice
○ CDS as a tool 
○ AI becomes standard of 

care
○ Malpractice insurance for 

AIs
● Hospital liability

○ Negligent credentialing
● Product liability



● Automation bias 
● Augment rather than 

replacement
● Should MDs still perform 

tasks that have been 
proven to be done better 
by machines?

● Is information retention an 
antiquated expectation

Erosion of 
Clinical Skills



Explainable AI



+

Doctor + AI > Doctor or AI alone

Synergy



Thanks!

Contact :

baker@musc.edu

 


