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We still suffer from an evidence to practice translation gap

Piortesfor The 17-Year Odyssey
Funding

P ki e S 17 years for
14% of original

research to
benefit patients

Practice

Balas, 1998; Balas and Boren, 2000; Green et al., 2009
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And even when we do get evidence into guidelines time constraints

limit our ability to deliver best practice

J Gen Intern Med. 2023 Jan; 38(1): 147-155. PMCID: PMC9848034
Published online 2022 Jul 1. doi: 10.1007/s11606-022-07707-x PMID: 35776372

Revisiting the Time Needed to Provide Adult Primary Care

Justin Porter, MD,®! Cynthia Boyd, MD, MPH,? M. Reza Skandari, PhD,® and Neda Laiteerapong, MD, MS*

“Our study found that a primary care physician (PCP) would need an
infeasible 26.7 hours per day to provide preventive, chronic disease,
and acute care for an average US adult patient.”

Porter, 2023
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One thing done to help remedy this problem

Patient with >2 acute rib fractures

* We created easy to memorize treatment algorithms

* The problem with this solution:

. [J ] . o 2 .
e Contributes to a one size fits all approach 5P compromise or severe b rectres | @y Admit ICU?

Is 1t possible to overcome these gaps: (1) evidence to
practice gap, (2) physician cognitive overload, (3) one
size fits all approach

and transform medical delivery to provide more
. efficient evidence-based and personalized care?
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The Learning Health System integrates three disciplines: EBM + AI/ML + CDS

Evidence-based Critically-Appraised . . . .
Medicine o Clinical Decision

(EBM) Evidence Support Systems
(CDS)
K2P:

Knowledge to
Performance

D2K:

Data to
Knowledge

Data Analytics (AI/ML) e Historically, Learning Health
Systems have primarily concentrated

on the healthcare system level.

We need to aim to elevate this
concept to a national scope linking
multiple systems within a
“Learning Health Network”
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What is Clinical Decision Support?

58,

M Health Fairview COVID-19 Anticoagulation Pharmacy Guide for
NON-Pregnant ADULTS (> 18 years old) with COVID-19

HE,‘:,','.U" (Modified from the UNC Chapel Hill Protocol) Revision Date: 7/14/20
UMMC - Non-Malignant Hematology Section, Division of Hematology, Oncology, and Transplantation
Highly suspected or confirmed ADULT, NON-Pregnant*** COVID-19+ patient
***Please consult OB provider for pregnant/breastfeeding women who are COVID-19 positive (Pregnancy OB Admission Recommendations during COVID-19)
Labs on admission: D-dimer, reticulocyte count, PT/INR, aPTT, fibrinogen, Antithrombin, ferritin, LDH, CMP and CBC with diff
Daily Labs: D-dimer, reticulocyte count, PT/INR, aPTT, fibrinogen, CBC with diff
v ¥
VTE prophylaxis for ALL hospitalized highly-suspected or confirmed COVID-19+ patients Therapeutic anticoagulation
4 n On therapeutic anticoagulation prior to admission
. s e Continue PTA anticoagulation if no contraindications
D-dimer < 10 x ULN" and D-dimer > 10 x ULN" AND/OR Highly-suspected or confirmed VTE
NO other Risk Factors® in the ICU, active cancer OR history of VTE eGFR*>/= 30 mL/min
. Enoxaparin 1 mg/kg SQ BID™" (Max dose= 190 mg)
eGFR* >/= 30 mL/min eGFR* >/= 30 mL/min Check Enoxaparin anti-Xa on any dose > 140 mg.
e BMI > 40 kg/m* Enoxaparin 40 mg SQ BID"* Enoxaparin 0.5 mg/kg BID"* (Max dose = 90 mg) Target Enoxaparin-Xa (4 hrs after 4** dose) = 0.6-1.
¢ BMI 18-40 sz: meapafin 40 mg SQ Q24 Hrs Check Enoxaparln anti-Xa on any dose > 80 mg. . .
' - . eGFR*<30 mL/min
e BMI < 18 kg/m?*: Enoxaparin 30 mg SQ Q24 Hrs Target Enoxaparin anti-Xa (4 hrs after 4" dose) = 0.4-0.7 _/ ]
: : : IV UFH HIGH-intensity protocol
* Enoxaparin anti-Xa goal = 0.3-0.5. Testing only H ) _
. eparin-Xa goal = 0.3-0.7
recommended if concern for under or over-treatment. FR* < mi

eGFR* < 30 mL/min
Heparin 5,000 units SQ g8 Hrs

If pharmacologic prophylaxis contraindicated (active
bieeding, PLT < 30,000): Apply SCDs

» HealthEast: Heparin LOW Intensity Protocol
HE Heparin-Xa goal = 0.25-0.6

« Fairview: COVID Heparin Protocol
FV Heparin-Xa goal = 0.25-0.5

If pharmacologic prophylaxis contraindicated (active
bleeding, PLT <30,000): Apply SCDs




Clinical Decision Support to deploy COVID-19 clinical

practice guidelines

Supplemental Figure 2: Screenshots of COVID-19 anticoagulation clinical decision support system’s passive and interruptive
elements

Passive COVID-19 Anticoagulation Orderset Interruptive BPA within Admission Orderset Navigator
X

¥ HEM Covid-19 Anticoagulation ADULT & PR——— ALL ICU COVID-19 Positive patients are recommended for category B Anticoagulation to prevent thrombosis
SRt v 01 ® unless contraindication. Go to the anticoagulation orderset and place anticoagulation orders as appropriate.
Version: MAY-2020 (3040001975) Content Owner: SL Cancer Care — Benign Hematology A D-Dimer is recommended to assist with anticoagulation decisions. |f the patient has NOT had a recent

D-Dimer, order a D-Dimer from the Anticoagulation set. (BPA #m)

Last DDIMER, collected/resulted: DD/MM/YYYY = Result value
Last CRCLEARANCE, collected/resulted: DD/MM/YYYY = Result value

Intended for use ONLY with Covid-19 Positive patient greater than or equal to 18 years of age and non-pregnant females.

v GENERAL Last PLT, collected/resulted: DD/MM/YYYY = Result value
w Provider Guidance Last INR, collected/resulted: DD/MM/YYYY = Result value
ALL patients admitted to hospital should get pharmacologic thromboprophylaxis unless . .
contraindicated. Use mechanical prophylaxis in cases where contraindicated. Open Order Set Do Not Open COVID-19 Anticoagulation ADULT Preview
Antiplatelet therapy alone is not felt to be adequate anti-thrombotic prophylaxis in COVID-19
patients. Acknowledge Reason

Alr n ropri nti lation  Anti lation Contraindi Not provider managing anti lation
All ICU COVID-19 Positive patients are recommended for category B or C Intensity Anticoagulation Sadyioniappiopratelanticoaguialio jcoaguistion|Contraiadicated ctproviderimsnaginglantcoaguiatio

to pmem thrombosis unless contraindication.
IF patient already on therapeutic intensity anticoagulation, select that option below. © 2020 EpIC SyStemS Corporatmn + Accept Dismiss

Hospitalized patients should be categorized into 3 risk categories

© 2020 Epic Systems Corporation Interru ptive A|ert LOgiC
Linked Criteria
| CL PLATELETS < 30 [6208] &
2 CL PATIENT HAS BEEN ADMITTED MORE THAN 8 HOURS [6212] &
3 CL ADT STATUS IS ICU [6213] &
4 CL PATIENT IS NOT ON HEPARIN / ARGATROBAN INFUSIONS [6214] &
5 CL COVID INFECTION PRESENT [6355] &
6 IP RX PATIENT ON ENOXAPARIN DOSE GREATER THAN 40 MG CRITERIA [6518] &
7 CL PATIENT HAS COVID-19 RECOVERED STATUS [6628] &
e
Logic
(5 AND NOT 7) AND NOT 1 AND 2 AND 3 AND 4 AND NOT 6 & Logic Helper

© 2020 Epic Systems Corporation




Rib Fracture Clinical Decision Support Care Map

Clinical Decision Support Documentation Reminder to ED Nurse
Patient XXX is a trauma patient and requires the following data charted. Please
insert and it will be automatically charted.

|:| Weight in Kg
|:| Systolic Blood Pressure

|:] Oxygen requirement (in liters per minute)

|:| Pain/CAPA Score

Mild (Admit to floor)
- Age <65 & any rib fracture

BPA: If patient has

R e L e 4

w INPATIENT ADMISSION

w Admit to Inpatient
Admat 10 inpatiant
Moderate | o a} Routing. ONE TIME, today at 0939 For | occurmence
Duagnosis/Reason for Visit: Chrome bronchutes, unspeaihed chromc bronchetss type (H)

Severe

BPA: Does patient

- / . w Assign Attending/Treatment team
have 1 or more rib , Mild 5 Assign Team
fractures? If yes, how
many?

o Routing, ONE TIME, today at 0939, For 1 occurmence
Are they the primary team? Yes

v PATIENT CARE

w Rib Fracture Care Module
nitate Rib Fracture Care Module

No

SEVERE
Nursing - moderate and severs
Actraty: Other (specity m comments)
Routine EFFECTIVE NOW, Starting today 3t 0939, Unti Speafied
Type Other (speafy in comments)
Ambulate 3x daly and Out of bed in chasr dady, uniess contramdecated

Consider ED Discharge Elevate HOR 30 degrees unkess contrandicated
Pain controlled with oral medications Routing, EFFECTIVE NOW, Starting today at 0939, Until Specified
Adequate mobility & safe disposition Encourage PO intake
Oxygenation 1s at baseline Routine EFFECTIVE NOW, Starting today at 0533, Untdl Speafied
InSplratory volume is >1500mL Notdy Pronded if meal intaks less than 60%

Assess pamn, cough. and incentive sprometry (1S
Soatee EVERY 7 HMOMIRS WHILE AWANE Fu<t orturrendd 1octay 3t 100N




Problem with these examples of decision support shown which are commonplace:

3.) Usability (UI/UX) nightmare

1.) INTEROPERABILITY - Institution and EHR (i.e. Epic, Cerner)- specific
2.) MANUALLY INTENSIVE — Each institution to build and deploy, not computable, not plug and play

HL7 FHIR allows a
standardized interoperable set
of rules to exchange
electronic healthcare data

Condition

Procedure

Medication
Administration

L Condmoh evidence.detall

Encounter

relatedltem.target

>

Immunization

>

Medication

J

Statement

(—Asser'.er—/

L

Subject ///A®

stage.assessment Any Resource

HL7® FHIR’
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Clinical Decision Support Documentation Reminder to ED Nurse
Patient XXX is a trauma patient and requires the following data charted. Please
insert and it il be automatically charted.

Mild (Admit to floor)

Weight in Kg - Age <65 & any rib fracture

- Age>65 & 1-2rib fractures

]
[ systolicBiood Pressure ‘Moderate (Admit to step down)
—

Oxygen requirement (in liters per minute)

- Any age & >3 rib fractures
[ paincapascore - S/F ratio >235 but <315

BPA: If patient has
flail chest, consider
thoracic surgery
Severe consult.

Moderate

f BPA: CT or CTA
have 1 or more rib Mild recommended for all
fractures? If yes, how rib fracture patients
many?

:

PIC Score

Consider ED Discharge e - o
Pain controlled with or:.l:l:\:d?cnﬁons EWS delivered as Pain  Inspiration  Cough
Adequate mobility & safe disposition. a BPA to nursing TS
Oxygenation is at baseline staff ek
Tnspiratory volume is >1500mL. ==

DDD]
DDDJ

Download from
Epic/Cerner App Store
Plug and Play

(——

7 HL7" FHIR'

nnu]
nnnJ
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The Learning Health System integrates three disciplines: EBM + AI/ML + CDS

Evidence-based Critically-Appraised . . . .
Medicine o Clinical Decision

(EBM) Evidence Support Systems
(CDS)
K2P:

Knowledge to
Performance

D2K:

Data to
Knowledge

Data Analytics (AI/ML) X8
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Evidence-based Medicine as a discipline 1s undergoing major transformation

Evidence-based guideline development

Background
o Existing computer-
o interpretable guideline
Q formalisms do not

é leverage the structured

[ )
$ information emerging
during evidence-based

guideline development.

=
[ Recommendation]
7

Manual
translation

Computer-interpretable
E recommendation

* A society or group conducts a systematic review
narrative PDF guideline is written
guideline and create a set of rules/algorithm
their EHR as decision support

process repeats

A guideline committee generates guidance and an 41 page

Each health system then has their local experts interpret that

Each health system’s IT team then builds that natively into

5-10 years later that society updates their guideline and the

DOI: 10.1002/jpen.2267

as § b o] A
CLINICAL GUIDELINES ool ot

Wk

© Guidelines for the provision of nutrition support therapy in
the adult critically ill patient: The American Society for
Parenteral and Enteral Nutrition

Charlene Compher PhD, RD* | AngelaL.Bingham PharmD?? | Michele McCall MSc,
RD* | Jayshil PatelMD®*© | Todd W.Rice MD,MScé© | Carol Braunschweig PhD’ |
Liam McKeever PhD, RDN’



EBMonFHIR developing standards for sharing systematic review data such as
citation, study design, outcome definitions, risk of bias, certainty of evidence

. . .5171}& AgercyforHeathcare >
E B M on F H I R RiSk s R: : ggfg’:gg;g‘ge e Blog Published Projects I m a gi n e h OW e a Sy
of Bias: Low New Ao systematic reviews, meta-

4 N\
EBMonFHIR Study analyses, and annual

Design: RCT . .
. updates to guidelines would

—_—— SRDR+: Moving bp : & oo
Sty o systematic reviews € IT every published paper
EV?'denceg ' forward. had their attributes already

\ Certainty Rating mereseren vt s g et oo stored in SRDR+
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Evidence-based Medicine as a discipline 1s undergoing major transformation
-

Knowledge | Description Example
Level
Ll Narrative Guideline for a specific disease that may be written in the format of a peer-

reviewed journal article

L3 Structured Standards-compliant Specification for CDS that explicitly encodes computer
interpretable logic including data model(s), terminologies (concepts, value
sets), logic expressions in a computable language sufficient for
implementation- often across a broader set of local implementations

L4 Executable | Manifestation of the logic (typically in a user interface) that is used in a
local execution environment (e.g. CDS interventions running live in a local
production EHR environment) or available via web services
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The Learning Health System integrates three disciplines: EBM + AI/ML + CDS

Evidence-based iitically-Annralsed

Medicine External
(EBM) Evidence

Clinical Decision

- Support Systems
ad

K2P:

Knowledge to
Performance

D2K:

Data to
Knowledge

Data Analytics (AI/ML) ernal

So how does Al fit into
all of this?
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Lets go back to our r1b fracture treatment algorithm

Patient with >2 acute rib fractures

\
Current State ° O e N
One SiZG ﬁtS all Resp compromise or severe rib fractures? ﬂ) Admit ICU3

I — l

Best practice for rib fracture patients age 66 and

older with 3 or more rib fractures is admission to
the ICU

UNIVERSITY OF MINNESOTA
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AI/ML allows us to generate a patient specific probability
that a treatment 1s beneficial. RCTs can then investigate 1f
Al (personalized) outperforms current Std of Care

Don’t forget additional dimensions:

What if they are a smoker with empysema?
What if they are on home oxygen?

What 1f they have a collapsed lung?

Do X-ray findings/features inform treatment?

> 65 year old with 3 rib fractures

Number of Rib Fractures

M UNIVERSITY OF MINNESOTA
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Integration of Al tools into the Rib Fracture Care Map

Example Clinical Decision Support BPA

Your patient has a rib fracture

E:Z‘:aei‘: il Admission Patient’s probability of mortality without ICU
Fractures admission = 11% (95% Cl 9% - 15%)

Diagnostic
Algorithm for
ED Chest Pain

Prognostic
Algorithm for
Rib Fracture

Patient’s probability of mortality with ICU
I admission = 4% (95% Cl 2%-6%)

Computer Vision Prognosi S =se
CXR Diagnostic Orderset
Algorithm Recommendation

treatments based on at risk
adverse event



Patient with >2 acute rib fractures

0 o —lv
7 e ]
(+)

| Injury that would prolong intubation or immobility |

Resp compromise or severe rib fractures®

Current best practice 0l
for patients With rib Pain control adequate - \ -
fractures o/ \ 0 =g

lock +)
: | Constesaty oo

| Consider d/c Admit I

Quate and
Otin place

Place regional block
(epidural or paravertebral)

pain

Repeat CXR prior to d/c

control*

or frail, or with underlying pulmonary dyslunchon If minimally
painful, or pt without ities, may i
: ity, IS, cough, deep breathe
Out of bed if able

admission to non-monitored setting.
2CT required to adequately characterize severity, although may

not be clinically necessary.
or other monitored setting such as a stepdown unit

3
“Pain control with narcotic, non-narcotic IV/oral meds/rib blocks
Figure 1. Western Trauma Association rib fracture algorithm. Circled letters refer to corresponding areas within the text

Multicenter
Al generated optimal

Pragmatic
RCT (individualized)
practice for patients

with rib fractures
Disease ED Admission | Discharge
Process: Rib
Fractures
Diagnostic ) Early Warning System / Post-Discharge Monitoring
Prognostic Adverse Event Real-time Predictive
Detection System Algorithm for Readmission

Algorithm for

Algorithm for
Rib Fracture

ED Chest Pain
If triggered recommends

treatments based on at risk

Computer Vision Prognosis-Based
CXR Diagnostic Orderset
. adverse event
Recommendation

Algorithm




These algorithms can then become integrated into CDS systems

“Q, Epic

Platform
Embedding machine learning into every Epic application
Output
] Information card
Input Processing
ED patient e Covid-19 storyboard
\ - update
Al — —_ * Add-on to patient list
Inpatient with / (optional)
negative Images Al Algorithm
COVID-19 * No BPA (no alert fatigue)
status

Occurs in REAL-TIME

M UNIVERSITY OF MINNESOTA
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Clinical Decision Support Documentation Reminder to ED Nurse
Patient XXX is a trauma patient and requires the following data charted. Please
insert and it will be automatically charted.

Weight in Kg

Mild (Admit to floor)
- Age <65 & any rib fracture
Systolic Blood Pressure

R Treatment Al Model to

Prognostic Al Model to | Pain/CAPA Score determine if mortality

recommend ICU, lower with vs without
stepdown, floor and BPA: If patient h rib fixation

associated orders flail chest, consid
thoracic surge

Diagnostic Al Model to Severe consult.
read CXR and if ID’s rib

fracture and turn on rib

BPA: CT or CTA
RIS G20 e P recommended for all

rib fracture patients

Consider ED Discharge . .
Pain controlled with oral medications PACLE I FWS delivered 4 Deterioration Al Model
Adequate mobility & safe disposition a BPA to nursin, to d etermine |f h i gh ris k

Oxygenation 1s at baseline .
Inspiratory volume is >1500mL of decompensatlon




How do we as a trauma community achieve

“..a health system in which internal data
and experience are systematically
integrated with external evidence, and that O3F INTEREST
knowledge is put into practice.”

H TO A LEARNING
3 COMMUNITY
- Agency for Healthcare Research and Quality %

HEALTH PROBLEM

NOILDV DIVLE

“2p.

" P
€rformance ¥°

Th
C4PTURE pracTICE AS OF



Learning Health NETWORK

 UMN was recently rewarded an AHRQ R18 grant
to develop such a Learning Health Network for
Trauma (PI: Tignanelli / Melton-Meaux)

* Need 3 key pieces to make a LHN
e 1.) Centrally Maintained Clinical Decision

Support Applications

e 2.) Process for Evidence-Maintenance

e 3.) Shared Real-time Data Repository to
enable Al

Critically-Appraised

External
Evidence
‘ D2K: K2P:
Data to Knowledge to
‘ Knowledge Performance
¢
¢ LHS Internal
“ Learning Cycle

P2D:

UNIVERSITY OF MINNESOTA
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The Trauma Learning Health Network Team

Randomized Controlled Trials, Informatics, CDS
Development & Evaluation, Data Analytics
Prior AHRQ K12 Scholar, Gates Foundation funded

Evidence stds, sys.
review methodology,
Co-director, UMN
AHRQ-funded EPC

Shippee
(co-l)
PCOR SME*
PCORI/AHRQ-funded
Leadership
UMN LHS K12

Hematology SME*
Prior AHRQ K12
Scholar

Trauma VTE SME*
AHRQ, PCORI, NIH-
funded

Figure 3:
Research Team

Melton-Meaux (PI)

Informatics, CDS, HIT Standards
Chief Analytics and Care Innovation Officer,
MH FV - AHRQ & NIH funded

Vock/Siegel

Biostatistics

)
%‘e‘q\ &’b‘\o
&

CNTR

COALITION FOR NATIONAL
TRAUMA RESEARCH

CDS
Platform

Impl\Science Trialist Informatics, CDS
Eval NIH funded Associate CMIO of CDS
Gaugler Jenkins Thyvalikakath
(co-) (Site Clinical-PI) (Site Informatics - Pl)
Im.plen.\ent. Trauma Surgeon Informatics, CDS
Sci., Mixed- KL2 Scholar NIH Funded
Methods
NIH,CDC, and - .
orior AHRQ- Torres (Site Clinical-PI) Vawdrey (Site Informatics - Pl)
funded Trauma Surgeon Chief Data Informatics Officer, CDS
. Chai AHRQ funded
Osheroff Dept. Chair u
(co-1) Callcut (Site Informatics/Clinical-Pl)
. ICDS ¢ Trauma Surgeon, Trauma Division Chief, Chief Research
|m5p r?gmh:: ' Informatics Officer, Al, Evidence Stds., N/H funded
framework

*SME = Subject Matter Expert

‘ National Blood Clot Alliance
’ Stop The Clot

- American Trauma Society
5
(&NATF
Sta nson » @ North American Thrombosis Forum
Health eas t
Premier Brain
Trauma
® umn FOUNDATION

o Stanson Health

Q
i GHE
© Regenstrief/IU ‘m QUALITY PROGRAMS
@ Geisinger Health o " COMMITTEE g;"‘ssa‘é?('&"s” COLLEGE
@ UC-Davis “ ON TRAUMA
@ Mayo Clinic .

@ Johns Hopkins

@ TMIT Consulting UNIVERSITY OF MINNESOTA

A

Driven to Discover



Centralized Decision Support Application — an example
from Angry Birds

o

iPhone

Ranking Boards

Angry Bird Server 15 - VAMPIER LS. @ 5000
;.K/
/ \\S R/ / 2 3 ﬁ TorI LYNCH @ 14,000

7 . - YUREC™ @ 13,000
y o - ANDREY @‘ 12,000

5 ¢ - ANDRICI GABRIEL @ 11,000

6 o - 1815 WiNGs LTU @ 10,000

! @
7 SV 2% OWLIE STRIKE N\ 72 10,000

[E— — — — -

Sékfnsu ng/AndTo/id




Well now 1magine 1f the “Angry Birds” Application was a
Clinical Care Map for TBI Management

T
Indiana University | |
. Real-Time Clinical
—— TBI CDS Platform (i.e. Stanson, SmileCDR, Benchmarkmg Reports
National Decision Support) Outcomes Overvie "
I I SCUH
5l e —
)
CE—

B —

University of Minnesota

Database can be

mined similar to
NTDB




If the evidence or best practice changes, can update the
application once centrally and push out update

Aim 1: Pilot Implementation

-

Aim 1: Pilot CDS Sustain
A2: External Sites Implement

~~

,I'Guideline/Evidence
' Dissemination
Materials

Updated
Narrative
Guideline

i o
: Evidence w &
Summary Guideline

..................... Committee

. N GRrADE

New findings /7~ 000 \
g D

Evidence Ol
Generatlon Team SRDR

Figure 10: Pilot Process for “Living Guideline”

(Multimedia) >_< Suide \

» = Convert Narrative or

' Semi-Structured
Guideline into

Computable Logic

TBI

| Latest Evidence- i

| Based Practice i V2 O

.FI‘J.

Old Evidence-
\  Based Practice |




Developed a data infrastructure since 2020 to support

Health System EHR
Data

> 4.6 million M
Health Fairview Epic

since 2011 I I I

. Device Data
Intraoperative and Staplers

*
Procedural Videos % Ventricular Assist

Device

Robotic
Neurosurgical
NPWT (i.e. Abthera)

R R R
G 00 o

Manual Disease
Registries
NAACR (Cancer)
TQIP (Trauma)
NSQIP (Surgery)
GWTG (Stroke)
Etc...

«» 7 PB of images

<+ 0.6 billion clinical
notes

< + ECG, EEG,
pathology, and
other notes

< ECG images

“Al/Analysis-Ready Datamarts”
]

LHS Data
Platform

~
CQODE Data Core

2 Directors

1 Administrator

2 Project Managers

1 Regulatory Specialist

1.0 FTE Solutions Architect
8.5 FTE Data Analysts

3.0 FTE ETL

2.0 FTE SQL Analysts

Over 20 Clinicians assisting

Omics Data
lcs = o EMS EHR
Proteomic, Transcriptomic, mnd
Metabolomic, Cell Surface &
and Zoll

Markers, Immunologic

Death Certificate Database
Immunization Database
Well Water Database
Wastewater Database

Radon Database

Environmental / Pollution Data:
< EPA, ERS, CACES Databases

e

Bluetooth Home Scales
Bluetooth Home Spirometers
Patient Mobile Applications

Social Determinants of
Health

«» 11 SDoH

+ Gender |dentity

+» Sexual Orientation



“US Healthcare Federated Learning Collaborative” — Founded in 2020

Federated partners

1.

2.
3.
4

M Health Fairview
Indiana University
Emory University
University of Florida
Gainesville

Medical University of
Carolina (In Progress)
University of North
Carolina (UNC) (In

Progress)

Corporate Partners:

 CISCO
 Nvidia
e Microsoft Al for Health

M Health Fairview

Gl

Central Server

Indiana University

Emory University




Rib Fracture Al Diagnostic Model

Image Model
Dense Block 1 A Dense Block 2 Dense Block 3 I
| @
S wr 98880 =7
Diagnostic Al Model to Input IS
read CXR and if ID’s rib | A
fracture and turn on rib | L?b;'?f Classifier
fracture care map e
L 1 I ]
CONVOLUTION POOLING LINEAR
Institution (N AUROC |Specificity |Sensitivity
MHFV 3738 0.89 0.83 0.84
UF 343 0.79 0.73 0.74
Indiana 5550 0.75 0.67 0.71




In conclusion, to enable the future digital transformation of trauma evidence-
based practice

e Current medical practice routinely fails to delivery evidence-based care

* Technological advances can expedite the evidence to guidance process in a more efficient,
computational, and interoperable manner

* Al can enable personalized care and be readily integrated into decision support systems
* But Al requires new methods for data management

We need to partner together to do this as a medical discipline ideally as a pilot across 5-6
trauma systems in conjunction with medical societies, decision support vendors, and the

tech industry with financial support from the ACS

We can serve as a model for the entire field of medicine



The Learning Health System integrates three disciplines: EBM + AI/ML + CDS

Advanced in Evidence- Evidence to
based Medicine (EBM) Practice Gap

Physician
Cognitive
Overload

Clinical Decision
Support Systems (CDS)

One Size Fits All
Approach

M UNIVERSITY OF MINNESOTA
u Driven to Discover

Data Analytics (AI/ML)




