
Precision Medicine for all Oklahomans: 
Leveraging Artificial Intelligence and 

Health Information Exchange

AI: Friend or Foe?
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Precision Medicine

Right patient, right testing, right 
treatment at the right time.
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To be useful AI should improve health and 
quality of life for all through . . .
• Earlier and more accurate detection of disease

• Cancer, CV, complex diseases as yet unknown
• Earlier and more accurate detection of dis-ease

• Mental health, social needs, human interactions
• Better treatments

• Effective, fewer side effects, cost effective
• Reductions in the cost of care and services & Improvement in Access

• Democratization not just of information but of interpretation of information
• Reductions in provider burden

• Documentation, proving performance, coordination and communication
• Improve policy-making and policy-un-making

• Evidence-based policy-making





Artificial Intelligence (AI):

Basic Science

Machine Learning (ML): 

Deep Learning (DL): Neural Networks 

○○☐☐∆∆◊◊○●☐☐∆∆◊◊

Foundation Models (FM):  Generative AI

Large Language Models (LLM): ChatGPT, Claude, Gemini

Image/Video Generating Models: DALL-E, MidJourney

Audio Generating Models: Translations, Podcast 
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Eddy DM, Schlessinger L: Archimedes: a trial-validated model of diabetes. 
Diabetes Care 26:3093–3101, 2003





Pleiotropic effect of statins- beyond cholesterol



How do LLM’s work?

Tell meastoryme a story Once . . .



3x4+4  +  4x4+4 + 4x4+4 + 4x1+1 =   61  
    trainable parameters





Model Capabilities







Agentic AI & workflows

• Multiple AI models working together
• Each Agent has its own strengths (and limitations)

• Text (LLM)
• Math
• Image interpretation
• Empathy . . .

• Agents’ efforts are orchestrated, perhaps by an Orchestration 
Agent (team leader)
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How can AI help me?

•Documentation support
• Prior authorizations
• Dictations/Scribe
• Patient messaging
• Informed Consent

•Decision support
• Translation services



Predictive AI in Research

• Image interpretation (Rajpurkar, 2023)
•Radiology: Chest X-rays for pneumonia, 

tuberculosis
•Ophthalmology: diabetic retinopathy
•Dermatology: skin cancer diagnosis
•Pathology: breast cancer slides to 

predict mets



Predictive AI in research

• Adverse events during hospitalizations from EHR data (Rajkomar, 2018)
• Protein folding from amino acid sequences (Jumper, 2021)
• Predict future diagnoses based on past labs and diagnoses (Mukherjee, 

2023)
• Semantic reconstruction of continuous language from fMRI brain 

recordings (Tang, 2023)
• Odor perception mapped to chemicals (Lee, 2023)
• Predict Alzheimer’s Disease from EHR data 7 years early (Tang, 2024)
• Voice as a biomarker of Parkinson’s, Alzheimer’s, cognitive impairment, 

COVID-19, etc. (Idrisoglu, 2023, Bensoussan, 2024)



AI exceeding human detection skills

• Retinal images
• Age, biological sex, cardiovascular risk determination (Poplin, 2018)
• Race (Coyner, 2023)

• Electrocardiograms
• Age, biological sex (Attia, 2019)
• Chronic kidney disease (Holmstrom, 2023)

• Chest x-rays
• Race (Gichoya, 2022)
• Cardiac function and valvular disease (Ueda, 2023)
• Diabetes (Pyrros, 2023)
• Correlation with chronological age in healthy cohorts and for chronic diseases, difference 

between estimated age and chronological age (Mitsuyama, 2023)
• Cardiac risk prediction as accurately as ASCVD (Weiss, 2024)

• CT Scans
• Detection of Pancreatic CA 475 days early with AUROC = 0.97  (Korfiatis, 2023)
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Will AI replace me?





We’ll always have empathy, won’t we?

• Randomized, double-blind 
crossover study*

• Simulated patients with 149 
case scenarios (OSCE 
format)
• 20 PCPs vs.
• LLM trained for diagnosis 

and conversation
• Blinded, chat-based
• Patients surveyed on 

performance

*not yet peer-reviewed
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Risks of AI

• Deskilling/Reskilling
• Automation Complacency

• GIGO: Bad/Incomplete 
data
• Bias
• Bad recommendations
• Hallucinations



White House EO & HHS policy











Claims Data
Claimed diagnoses, procedures, medications
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Data fragmentation by health system
Health 
System

A
Health 
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Corroboration:
Average PCP must coordinate care 
with 225 other providers in 117 
other organizations
 Pham, HH, NEJM 2007; 356: 1130-1139



Fragmentation by EHR Vendor

Athena

CPSI

Cerner

eCW

Epic

Meditech



Number of Data Sources by Age Grouping

Age Group



Funders: Governmental, Philanthropy
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MyHealth Patient Population



>2200 locations serving >130,000 patients daily

Oklahoma Non-Profit, 501c3
Established in 2009:
more than. . .
•5M individuals with
•12 years of clinical history
•12 years of claims data
•6 years of SDoH data



P
R

O
V

ID
E

R
 

P
O

R
T

A
L

Value 
Proposition:

• Find the most 
complete 
records 
immediately.

• No need to 
read separate 
documents 
from every org.

• Close loops on 
referrals.



Health Data Utility: Rich Clinical, Claims, NMDoH Data

• Diagnoses
• Medications
• Allergies
• Vital signs
• Clinical documents

• H&P
• D/C summary
• Operative/Procedure notes
• Progress notes
• POLST/MOLST
• Advanced Directives/Powers of Atty

• Labs/Observations/Assessments
• Insurance
• Dispensed Medications
• Equipment Devices
• Related Persons
• Social History
• Family History
• Radiology 
• Care Team
• Goals of treatment



MyHealth Provider Portal + FHIR API



Proposed: Real-Time Image Exchange & Collaboration

Collaboration.tiff

HIE	User	

HIE	User	

• Immediate consultations with any caregiver in the HIE community

• One-click to initiate a collaboration session 

• Full access to real-time image manipulation for all collaborators

• Standard feature is accessible for all eHealthViewer® ZF users

https://secure-ehvzf.ehgt.com/eHealthViewerZF.aspx?msgId=33333333-3333-3333-3333-333333333333


MyHealth now working with social needs and early childhood 
programs, where data is even more fragmented... 

Funders: Governmental, Philanthropy
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55

Patient checks into 
clinic.

SDoH Screening text 
from MyHealth is 

triggered to patient’s cell 
phone while they are in 

the waiting room.

MyHealth processes the 
results to determine 

social needs reported.

If a need is reported, a 
community resource 

summary is returned via 
text with information for 

3 resources per need 
identified.

Referral sent to partner for 
closed loop coordination.

1
Clinical Encounter

2
SDoH Screening

3
Process Results

4
CRS Returned

5
Closed Loop 

Referral Partner

SDOH Mobile Screening & Referral



Mobile 
Screening
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4,800+ Resources in CRS Database, All 77 Counties in OK Covered by CRS Database 

2016 - Original geographic 
target area of Tulsa and 
Oklahoma Counties

2019 – Expanded geographic 
target area now includes the 
entire state of Oklahoma

Community Resources in Oklahoma



58

Community Resource Inventory



Texted back to 
patient after 
completion of 
the screening

Community 
Resource 
Summary

*Every community resource  summar y includes  information for 2 11*
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By the numbers:

✓ 4.6+ million offers to 
screen

✓ 900,000+ responses

✓ 300,000+ responses 
with needs

✓ 400,000+ individual 
needs reported & 
addressed

24% of responses 
report 2+ needs

average of 1.7 needs are 
reported per need 
positive screening

85% of responses with a living 
need is due to living conditions* 

rather having a place to stay

Screening Delivery Rate

83%

Screening Response Rate

21%

*Living condition issues include lack of heating, lead paint or pipes, mold, oven or stove not working, pests, missing or not working smoke detectors, and water leaks

SDOH Program Metrics
August 2018– May 30, 2024
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MyHealth AHC Need Rates by Clinical Site Type

Approx. 1 in 3 responses from the ER 
report at least 1 need compared to 

approx. 1 in 5 in a primary care setting



MyHealth AHC Need Rates by Insurance Type
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TOTAL 
EXPENDITURE

INPATIENT 
ADMISSIONS

READMISSIONS

PRELIMINARY AHC OUTCOMES
Outcomes r epor ted by  C MS eva lu at io n team

ED VISITS

Medica id  Benef ic iaries

Medicare Be nef iciaries





January, 2022

April, 2022



How does this model scale nationwide?

BigSky

GHHC

Connxus



Patient Centered Data Home  rapid growth

BigSky



Our Opportunity

• Earlier and more accurate detection of 
disease

• Cancer, CV, complex diseases as yet 
unknown

• Earlier and more accurate detection of dis-
ease

• Mental health, social needs, human 
interactions

• Better treatments
• Effective, fewer side effects, cost effective

• Reductions in the cost of care and services 
& Improvement in Access

• Democratization not just of information but 
of interpretation of information

• Reductions in provider burden
• Documentation, proving performance, 

coordination and communication

• Improve policy-making and policy-un-
making

• Evidence-based policy-making



Training on an entire population’s data

HTN HTNBP
Food 
Need

ARB BP
Food 
Need

Stroke



Questions & Discussion

David.Kendrick@MyHealthAccess.net

David-Kendrick@ouhsc.edu

mailto:David.Kendrick@MyHealthAccess.net
mailto:David-Kendrick@ouhsc.edu
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