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Al

A field of computer science focused on creating intelligent agents that can learn from data

and experience. These agents achieve this by processing massive datasets and identifying

patterns or relationships. The learned patterns allow Al to perform tasks typically requiring
human intelligence, such as diagnosis, decision-making, or creative problem-solving.
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M Duke Institute for Health Innovation

mission: Catalyze innovations at Duke

Catalyze transtormative innovation in health and healthcare through high-
impact research, leadership development and workforce training and the
cultivation of a community of entrepreneurship

approach: Innovation by design

Understand user worktlow, desired outcomes and problems (needs) and then
collaboratively develop concepts and prototypes, and iterate through to
finalize solution
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Domains Catalyzing and Sustaining Innovations

DIHI

Duke Institute for Health Innovation

Best Practices
Development &
Dissemination

Health Leadership &
Technology Workforce
Innovation Development

Implementation
& Health
Delivery Science

Disseminating best practices
derived through internal R&D to
elevate health innovation across
ecosystem

Convening stakeholders across
settings to address common
challenges in health innovation
Fostering a Practice Network

Leveraging a growing health data Training current and future

infrastructure leaders across health care :

Creating a connected digital Leadership

health ecosystem Management

Collaborating and co-developing Innovation

advanced technologies Quantitative health

Responsible development of data sciences

science solutions Amplifying & developing the
workforce of the future

Catalyzing multidisciplinary
teamwork for value creation
Creating new care models
Structured interface to Duke
Health

Living laboratory to incubate,
refine, validate, and scale new
ideas

-
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m Industry best-practice approach in catalyzing innovations

DIHI RFA DIHI Innovation Jam

"Top-down + Bottom-Up” approach A Health focused Shark Tank at Duke

* Source high-potential innovations ready
for commercialization in 12 months.

5

* Annual strategic theme for RFA developed.
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* Operational lead engaged very early stage. + Duke Leadership as dolphins

» Metrics: clinical utility, economic utility,

health equity, access, IP and academic .
outputs. * Proceeds for entrepreneurship and

product/service development.

Years Years Companies
Catalyzing of + Incubated
Innovation

Pitches

* Internal syndicated investments.

Innovation Projects Proposals Jamming

S
o

Duke Institute for Health Innovation --proprietary and confidential--




Our Strategic Approach

O Up-to-date representation of health status of
all patients and prediction of change in health status at all
moments

O Complete continuum of care coverage for patients in
any DUHS or DUHS partner setting

O Innovation as self-service model - anyone at
Duke can use DIHI products and services to implement
and evaluate changes in their clinical practice

O Seamless A/B testing for rapid iteration of new care
models using integrated technology

I
KLE B Duke Institute for Health Innovation --proprietary and confidential--



m Guiding Principles

| Build to show value Build to integrate Build to scale

« Work on the right problem  « Create interfaces for trans-  Targeted and sustained
. Align front-line staff and disciplinary innovation innovator engagement
organizational leaders * Staff projects to move  Build modular infrastructure
« Start building minimal quickly to support many projects
viable solutions . Adapt workflows, roles, and * Build Qrganizational |
organization capabilities and capacity

Build responsibly

T
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m Eras Tour: Healthcare Data Science and Al

+
AL

.IIII2010'2014 EEEEEEEEEEEER 2015'2019IIIIIIIIIIIIIII 2020'2021IIIIIIIIIIIIII2022‘2024 III>

Affordable Care Act

March 23, 2010
Affordable Care Act
April 10, 2012
CMS-ACO-MSSP

Basic ML,CNN, RNN/LSTM
AlexNet by Alex K (U of T)
Caffe by BAIR

Theano by MILA

Chainer by PFN

Duke Institute for Health Innovation

Deep Learning Tools

Value-based payment

Epic market growth
CMS-SEP-1 NQM

Open-Source ML/Deep
Learning Framework 2016

1|:' TensorFlow, Google
O PyTorch, Meta
BERT, Google

Staffing & retention
Facility utilization; tele
Health Equity

Language Understanding
& Al Infrastructure

DALL E, NLP, CoPilot
GPT-3: most dangerous
Governance & Regs

--proprietary and confidential--

Generative Al / LLM

Margin challenges
Talent shortage for care
Demand for digital care

GenAl domination

GPT-4 / Gemini / Llama
White House EO, EU-A
Act, ONC HTI-1, FDA



m Era :: Affordable Care...

2010-2014

Affordable Care Act

S
o
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m Mobile Health, Machine Learning

2010-2014

Affordable Care Act

» Population Health and Analytics (4)
* Reducing Medical Complications and Improving Care Transitions (3)

* Primary Care (2)

Integrating Remote Wireless Technology to Reduce CHF & COPD Readmissions (Nicholas
Wysham, MDD, Jacob Kelley, MD, Zubin Eapen, MD & Christopher Cox, MD)

Machine Learning for Assessing & Managing Surgical Outcomes (Eric Huang, MD, Chris Mantyh,
MD, Julie Thacker, MD, Katherine Heller, PhD, Joseph Futoma)

Duke Connected Care Chronic Kidney Disease Care Improvement Project (Genie Komives, MD,
Dev Sangvai, MD, Christina Crosby, Daniel Costello, MPA, Todd Turnbill)

Sickle Cell Disease (Nirmish Shah, MD, Lindsay Anderson, MA & Sarah Leonard, MD)
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A Novel Mobile Health Intervention to Improve Health and Quality of Life Outcomes for Patients with
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m Healthcare Utilization Monitoring

2010-2014

Affordable Care Act

Healthcare Utilization Timeline, for Patients with Cost Rank 1-25
(with costliest at top)
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m Population Rounding™ for CKD

2010-2014
Affordable Care Act

* Problem: Chronic kidney disease (CKD) is a complex chronic condition
resulting in poor health outcomes and high costs. Timely and accurate
diagnosis of CKD and estimation of risk for progression to ESRD enables
care coordination that is necessary to reduce disease progression and

complications across populations.

* Solution: Population Rounding™ augmented by predictive risk models.
Virtual rounds to close gaps in care for patients with Chronic Kidney

Disease (CKD)

S
o
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m Population Rounding™ for CKD

2010-2014

Affordable Care Act

90 Stage 1

eGFR o

80

70

60 Stage 2

eGFR

50 * cmee

Stage 3a

40

30 Stage 3b

20

Stage 4

10 “. ,-." — ' . . - . * — - s
. o o .« ?

0 Stage5
47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63

I
KLE B Duke Institute for Health Innovation --proprietary and confidential--



m Population Rounding™ for CKD

2010-2014

Affordable Care Act
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m Population Rounding™ for CKD

2010-2014

Affordable Care Act

I
KLE B Duke Institute for Health Innovation
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m Population Rounding™ for CKD

2010-2014

Affordable Care Act

I
KLE B Duke Institute for Health Innovation

eGFR

90

80

70

60

50 -

40

20 Nephrology consult guideline recommendation

eGFR

1st Nephrology Visit

<

=

20 L O

e i . e
RO . . ’
10 . .‘.: . v ot

47 48 49 50 51 52 53 54 55 56 57

--proprietary and confidential--

58

59

60 61

62

63

16



m Population Rounding™ for CKD

2010-2014
Affordable Care Act
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m Population Rounding™ for CKD

2010-2014
Affordable Care Act
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m Population Rounding™ for CKD

2010-2014
Affordable Care Act
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m Population Rounding™ for CKD

2010-2014

Affordable Care Act
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m Population Rounding™ for CKD

2010-2014

Affordable Care Act
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m Population Rounding™ for CKD

2010-2014

Affordable Care Act
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11

Doc, why didn’t anyone
tell me sooner?”

--propr jetary an d confidential--
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m Integrating Validated Measures

2010-2014

Affordable Care Act

Original Contribution
April 20, 2011

A Predictive Model for Progression of Chronic - v rick of ESRD
Kidney Disease to Kidney Failure Progression, JAMA, 2011

Navdeep Tangri, MD, FRCPC; Lesley A. Stevens, MD, MS, FRCPC; John Griffith, PhD; et al

» Author Affiliations | Article Information
JAMA. 2011;305(15):1553-1559. doi:10.1001/jama.2011.451

Decline in Estimated Glomerular Filtration Rate and
Subsequent Risk of End-Stage Renal Disease and Mortality 2 Year eGFR Change

Josef Coresh, MD, PhD; Tanwvir Chowdhury Turin, MD, PhD; Kunihiro Matsushita, MO, PhD; Yingying Sang, MSc; Shoshana H. Ballew, PhD; J A M A 2 O 1 4
Lawrence J. Appel, MD; Hisatomi Arima, MD; Steven J. Chadban, PhD: Massimo Ciriflo, MD; Ognjenka Djurdjev, MSc. Jamie A. Green, MD: !

Gunnar H. Heine, MD; Lesley A. Inker, MD; Fujiko Irie, MD, PhD; Areef Ishani, MD, MS; Joachim H. Ix, MD, MAS; Csaba P. Kovesdy, MD;

Angharad Marks, MBBCh; Takayoshi Ohkubo, MD, PhD; Varda Shalev, MD; Anoop Shankar, MD; Chi Pang Wen, MD, DrPH; Paul E. de Jong, MD, PhD;

Kunitoshi Iseki, MD. PhD; Benedicte Stengel, MD, PhD: Ron T. Gansevoort, MD, PhD: Andrew S. Levey, MD: for the CKD Prognosis Consortium

gt
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m Adapt Workflows, Roles, and Organization

2010-2014

Affordable Care Act

Don’t Rely on Existing Workflows to Solve Problems

:

Number of Patients

I
KLE B Duke Institute for Health Innovation

Nephrology consult recommendation

Number of Patients

angn ESRD Risk

U
25

Tangri EngD Risk
n=46143

n=1,875

'
75
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Ny o
Deceased 246

Don’t have CKD 83

ESRD 65

Eligible for Rounding 413
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m Population Rounding™ workflow

2010-2014

| Affordable Care Act

Don’t Rely on Existing Workflows to Solve Problems

OUTCOME
W oecenseo

. : : Il o1aLYsis (NO ACTION)
Patient arrives with @ m [l SEEING NEPHROLOGY (NO ACTION)
history of treatment [l oTHER (NO ACTION)
from a variety of settings [:}

I DUKEWELL INTERVENTION

(at and outside of Duke).

[ Specialty visit

[ Procedure

[% PCPcare

[¥/ Social worker care

Number of Patients Reviewed
2

All relevant patient data is An interdisciplinary team Next, an action plan is

aggregated and analyzed using discusses the best plan. Team implemented. As new data

algorithms and models that typically includes a specialists, becomes available, the evaluation
incorporate the best statistics theory PCP, data analyst, pharmacist, and action plan process restarts.

and medical expertise. social worker, and care manager 251

I
. Result: a better-coordinated,

| —

-4 1

An2015  JA2015  Aug2015  Sep2015  Oct2015  Now2015  Dec2018  Jan2016  Feb 2016
Month of CKD Rounds

F
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m Adapt Workflows, Roles, and Organization

2010-2014

Affordable Care Act

Population Rounding™ model now
extended and applied to:
@ Patient arrives with G.} @ * Non-alcoholic fatty liver disease

history of treatment
from a variety of settings [:}
(at and outside of Duke).

(NAFLD)
* Peripheral artery disease (PAD)
 Community-based palliative care

[ Specialty visit
. [ Procedure
ﬁ @ [% PCPcare

[V, _Social worker care

“The difference in [algorithm] performance is negligible compared to the difference that
a good physician champion makes, or a good intervention plan makes. Those are by far
and away the most important things to the success of a project. The actual model itself
is, as much as | might delude myself or whatever, it's actually not that important.”

- Technical Stakeholder

I
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2010-2014
Affordable Care Act
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m Interdisciplinary staff model

2010-2014

Affordable Care Act
UME / GME
« Medical Student Scholarship g
* Implementation Science Scholars MXESTRO Fellows / Faculty
* Learning Health System Training gkt et A gten  Duke Clinical Leadership Program
Program . * HRSA Primary Care Fellowship
* Management Leadership Pathway « Duke Clinical Research Fellowship
for Residents / AN
) Duke Institute
for Health Innovation\,
: — —
\ .
““““““ Undergraduate / Graduate
Duke | 2 seecs « Data Science Internship
» Duke BME Design Fellows
» Biomedical Engineering Course
L « Graduate Student Research
‘;LE & Duke Institute for Health Innovation --proprietary and confidential--



m Embed Dedicated Capacity and Expertise on Projects

2010-2014

Affordable Care Act

Duke

RGN o * Recruit "Tt” shaped talent to bridge
?\,a\ & B"Slne 80\"&\\0@““’ domains (expertise in 2 or more
‘/3' domains)
’\uﬁ'(') Desion Machme Leam;-
T - |
* e a\k"?“q’ * Project managers and technology
: — = developers to build and implement
Change solutions
Ma”agement

Project « Demonstrate early results

anagem
splash.com/photos/LuaT29b -
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m Era :: Rolling in the deep

S
l

2015-2019

Deep Learning Tools

Duke Institute for Health Innovation --proprietary and confidential--
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m Era :: Scalable foundations for Al in Healthcare

S
l

2015-2019

Deep Learning Tools

|
Risk Prediction
Solutions

‘Inpatient Risk... )
* Sepsis Watch™

* Decompensation
* HealthGuard™

* Hyperglycemia
N b/

~N

f Out-patient...
* Mortality
* Autism

« Surgical AEs

&

Duke Institute for Health Innovation

I_I

Data & MLOps

Infrastructure

Real-Time Data
Pipeline

Automated Data

L Curation Platform

74

Meta-Data &

" Quality System

J

[

|

Best Practices Data & Model
for Al / ML Governance
" Integrati )
Model Facts } Gn egration
overnance
\_ J
Model & | [ )
ode . mpact } Data Governance
Monitoring

J

|

Socio-technical
Change Mgmt.

J |

Governance

Model-specific }

--proprietary and confidential--
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m Sepsis Watch™

©

80%

60%

2015-2019

What is the problem? Sepsis

100%  percent of patients who received appropriate
care for severe sepsis and septic shock’

The Problem: Struggle with sepsis

50% 49%

40%
40%
(V)
22% 23%
20% I
0%
Duke Duke Duke North National
University Regional Raleigh [Carolina average
Hospital Hospital Hospital Javerage CRSTODIE
sepsis data

Summary :: What is Sepsis Watch?

@ Where does the problem occur? The ED

Distribution of patients who first met sepsis
criteria by hour during admission

600 Over a 14-month timeframe, we

found that the majority of sepsis
diagnoses occurred in the ED.
The dotted outline shows the
sepsis cases diagnosed over a 10
hour window: 5 hours before and
after admission orders are placed
(“Hour 0”)

400

number of patients

200

Hour O Hour 50

Hour 100

@Why are we failing to solve the problem today? Slow, false

alarms

(fake) NEWS
* Only 6.8% of patients

Admitted patients

‘ with NEWS (National
Early Warning Score)
Elevated NEWS score BPA had discharge
diagnosis of sepsis
', » BPAfired 447

times/day on 42

BPA acknowledged or RRT unique pati ents/d ay

activated
on average (up to
l ~100x/patient).
* 63% of BPAs
RRT-Sepsis called canceled.

Order set initiated

O

Define adult sepsis at Duke

2 or more
SIRS
criteria

Suspect

Infection

1 element
of end
organ
failure

The Solution: Sepsis Watch

- Temperature >38°C or <36°C (6 hours)

- HR >90 (6 hours)

- RR >20 (6 hours)

- WBC count >12, <4, or % bandemia >10%
(24 hours)

- Blood culture order (24 hours)

- Creatinine >2.0 (24 hours)

- INR >1.5 (24 hours)

- Total bilirubin >2.0 (24 hours)

- SBP <90 or decrease in SBP by >40 (6
hours)

- Platelets <100 (24 hours)

- Lactate 22 (24 hours)

I
KLE B Duke Institute for Health Innovation

@ Create machine learning model to predict sepsis quickly and
accurately

» 42,000+ inpatient encounters analyzed at Duke Hospital
over 14 months, 21.3% with a sepsis event.

» 32+ million data points incorporated: 25 million vital sign
measurements, 2 million med admins, 5.2 million labs.

* 34 physiological variables (5 vitals, 29 labs).

—At least one value for each vital in 99% of encounters.
—Some labs rarely measured (2-4%), most measured 20-
80% of the time.

» 35 baseline covariates (e.g. age, transfer status,
comorbidities).

» 10 medication classes (antibiotics, opioids, heparins).

--proprietary and confidential--

@ Design web application to show real-time model results and

track treatment

[ Sepsis Watch Web Application ]4-\
» Sepsis Care Team: RRT nurses and

Deep

ED Patient Flow Coordinators will .
use Sepsis Watch...

Learning
Model

»..tosupport EDnurses,ED e e e 8909 000 000 000 *

physicians, inpatient nurses, m m m
and hospitalists without
Epic data

causing alarm-fatigue ...

.to initiate and complete wl I I| I i Ii ' II i| 'n' Ii I ”1 II I I| II I I
Tema i
ey PTRRORRIR PRI RE

Sepsis Watch is a custom-built tool to support identification of

patients at risk of sepsis in the hospital. Access Sepsis Watch
App at https://sepsiswatch.dhe.duke.edu/

33



Sepsis Watch™ RRT User Interface

2015-2019

Deep Learning Tools

J SEPSIS WATCH #

SEPSIS WATCH &

Last updated a few seconds ago.

Last updated a few seconds ago.

Last updated a few seconds ago.

AHD4BVR - Burroni, L - 80 F STOP BUNDLE
Bed 382

SCREEN

M3G4NA4C - Reeves,L-72 F 6ZLNCS - Pearce,B- 77 M SCREEN T37.7-P 63 BP 119/66 - MAP 194 - R Unk -
SEP  Bed 197 - Admit 9/24 05:33 AM MONITOR SEP  Bed 880 - Admit 9/24 06:01 AM WBC 6.5 - Lactate 2
T37.9-P69-BP111/70- MAP2-R22 TREAT T38.1-PUnk-BP117/61- MAP 22-R 24 TREAT 3 Hour Bundle 6 Hour Bundle
2:22 remaining 5:22 remaining
® Met sepsis criteria 9/24 05:04 AM ) O Lactate O Repeat Lactate @
O Ewalav hilog ep zizvecjuv su tochir oru secal no Sl falelar O Blood Cultures O Vasopressors @
Exam Called Nurse O Antibiotics @ Volume Assessment @
OV Fluids @
SCREEN @® Met sepsis criteria 9/24 06:49 AM :
4QJAD1 - Berry,B- 70 F @ Moved to Sepsis Bundle Today at 7:56 AM
SEP  Unk Loc - Admit 9/24 05:53 AM MONITOR 3 Sepsis Bundle disposition after Today at 1:56 PM

T37.5-PUnk-BP 113/69 - MAP 70 - R Unk

TREAT

. ini O . SCREEN
® Met sepsis criteria 9/24 06:01 AM L2l L Bk 7

¢ Suuvi izomaw alma tisiize wisij mungigret jilepo

BJPRZ1K - Cunningham, L-72F STOP BUNDLE

HIGH Bed 459 - Admit 9/24 05:58 AM Bed 504 - Admit 9/24 06:39 AM

T37.8-P72-BP113/61- MAP 190 - R 21 TREAT T37.8-PUnk-BP 109/75 - MAP 95 - R 24
WBC 7.3 - Lactate 2

e VOCFODM - Cobb, | - 64 F SCREEN Chart Review Called MD z::"' Bundle :::"' Bundle
d :08 remaining :08 remaining
[y Bed 190 Admit9/24 06:14 AM MONITOR Exam Called Nurse OLactate O Repeat Lactate ©
T38.0-P67-BP106/63 - MAP 184 - R 23 TREAT O Blood Cultures O Vasopressors @
O Antibiotics @ Volume Assessment @
181 Sepsis Bundle Disposition at 9/23 12:47 AM DIVFluids ©

@ Moved to Sepsis Bundle Today at 7:42 AM
3 Sepsis Bundle disposition after Today at 1:42 PM

Triage Monitor Treat

Disclaimer: These are test patients and fake data, and so may show incorrect values.

I
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M Sepsis Watch™ Impact

2015-2019

Deep Learning Tools

SEP-1 Bundle Compliance —

O/E Mortality for Sepsis

DUH

reported to CMS

2017 Q1 -2018 Q3. — A 89%

2018 Q4 - 2023 Q4 (31.3% — 58.8%)

100.0%
90.0%
80.0%
70.0%
60.0%
50.0%

Duke’s CMS-reported SEP-1 bundle compliance

50% = US average
bundle compliance
as of 2023"

58.8%

40.0%
30.0%
20.0%
10.0%

0.0%

T
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31.3%

DUH
Pre-SW (2017-18)  mPost-SW (2019-2023)

Watch patients

DUH V27%

Nov 2018 - Dec 2023 (1.10 — 0.80 trend line)

15
14
13
12
11

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

DUH O/E Mortality for hospitalized patients who "Met Sepsis“ or "High Risk" on Sepsis WatchI™
Monthly, Nov 2018 - Dec 2023

Sepsis Watch™ Go
Live on 11/5/2018

y=-0.0002x + 8.2191
R?=0.3259
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data source: PS Web; data captured since Sepsis Watch Technical Go Live in Sept 2018
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m Secure Data Pipeline Infrastructure

Deep Learning Tools

2015-2019

O m
QO I
g =
82°
2 9
a >
® O
v =

clarity

chronicles

Airflow

WY

@ Control & Monitor |

i

2

A

TaskDb

|

E.';, Data Extraction

> @ Task scheduler

¥ DIHI Data Pipeline =

v

Ml Task Queue

*—I

—> & Data Cleaning

Structured data: Raw, cleaned,

normalized and standardized

Other Sources

L @ Data Monitoring

[clean data]

I
KLE B Duke Institute for Health Innovation

Docker + Kubernetes
Airflow
RabbitMQ

. Ansible
«  Gitlab

Data normalization
standardization

CCS class grouping
ICD9 - ICT10 crosswalks

Secure Environment Dev/Stage
RWD/E and HSR . ,l;ll
Tableau or Superset ]
s Operational .
@’_{Y__ Dashboards Registry/CDM
=0
a=
Model Outputs
| 882 ML Model-1
#35 ML Model-2
382 ML Model-3
+ Comorbidity groupings
+ Lab grouping
» Meds therapeutic class
 Provider grouping Dashboards

--proprietary and confidential--
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Data and MLOps Infrastructure | Cloud Agnostic

2015-2019

Deep Learning Tools

Execution Monitoring

EHR . )
Curated Data Kubernetes with Airflow Model Monitoring
\_/

Teams Alerts I

] 3
Ei:elj:e -> . ALDIS Alerts |~ Alert Monitor |
~ DIHI Data Pipeline { Model Exec. Stateful < ~ l Email Alerts I

e (Curation) Set )
[~ - " l Superset Dashboards I
EHR Data -» Project /
Warehouse Model DB Content Monitor l Tableau Dashboards ]
e ~—
Internet Isolated Dev Environment Private Gitlab Iterative Model Evaluation
Repo, Docker, Code Tem Gitlab CI
( Parquet Curated Data ) 4 Extract To Parquet
. b UG Deploy Model Clinical Review of Model Output
Build Features
Pull Model Dev Model Repo Migrate Project DB
CParquet Model Features) Images Templates w/ )
Default CI Evaluation of Model Performance
Dev VM (46 Core 400GB R Model Test on Live Data
Unit Test
. Model Project Repl Usellemplate
Ray Based lterative ; Silent Evaluation of Alerts /
Model Training & Build, Test, Deploy CI Build Imzgels) \
, , Ueploy
Cross Validation Frequency & Efficacy
1 Docs / Factsheets
Tests Trigger Model no
. Revision
Model Files and Export Model Model Files
Training Reports
Model Exec. Harness
yes

Additional Dev VM w/ GPU, 10 Core 64GB RAM
All Work in Docker Containers Data Flow Ops Flow DIHI Apps

I
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m Al/ML Model Fact Labels

2015-2019
Deep Learning Tools

Model Facts Model name: Deep Sepsis Locale: Duke University Hospital

Approval Date: 09/22/2019 Last Update: 09/24/2019 Version: 10

Summary

This moded uses DMR input data collected from a patient”s current inpatient encounter 10 estimate the
probablity that the patient will meet sepsis crteria within the next 4 hours. It was developed in 2016-2019
by the Duke Institute for Health Innovation. The model was licensed 10 Cohere Med in July 2019,

Mechanism
0 U i i bninttn s s ..Sepsls within the next 4 hours, see (1) for sepsis ariteria
* Output R M b AT SR 0% 100% probability of sepsis occurring in the mext 4 hours
*  Patient mululon l adit patierts >18 y.0. presenting to DU £D and admitted
® TR OIPrOdICION .. e s s o every hour of 2 patient’s encounter
* INPUt A SOUME .o 4 . 2lectronic health record (EMR)
* Input data type — dcmogv.whon mh es, v‘m;. medication administrations
* Tralning data location md llme—pedod ...DUM, 10/2014 - 12/201%
= Model type.. « Recurrent Neural Network

Validation and performance

A | Prevalence | AUC | PPV @ Sensitivity of 60% | Sensitivity @ PPV of 20%

‘ Local Retrospective | 18.9% | 0.88 | 0.14 | 050

| Local Temporal | 6.4% (0% 020 | 0.66

| Local Prospective  TBD | TeD | TeD | TeD

External TBD | TRD | TBD | TBD
Uses and directions

*  Operational use case(s): Every hour, data is pulled from the EHR to calodate risk of sepsis for every
patient at the DUM ED. A rapid responde team nurse reviews every high-risk patient with a physician
in the ED to confirm whether or not to initiate treatment for sepsls

*  General use: This model is intended to be used to by dinicians to identify patiemts for further
assessment for sepsis. The model is not 3 diagnostic 1or sepsis and is NOt meant 1O guide or drive
chnical care. This model Is imtended to complement other pleces of patient information related to
sepsis as wel as a physical evaluation to determine the need for sepsis treatment

L - ples of appropriate decisions 1o support: Patient X has a high risk of sepis according 1o the
model. A rapid resporae team nurse discusses the patient with the ED physician caring for the
patient and they agree the patient does not reguire treatment for sepsis.

* Before using this model: Test the model retraspectively and prospectively on local data 1o conlirm
generalizablity of the model to the local setting,

= Safety and efficacy evaluation: Analysis of data from clincal trial (NCTO3655626) underway.
Preliminary data shows rapid response team, nurse-driven workfiow was effective at improving
sepuls treatment bundle complance

I
”1-2 B Duke Institute for Health Innovation

Comment | Open Access | Published: 23 March 2020

Presenting machine learning model information to
clinical end users with model facts labels

Mark P. Sendak &1, Michael Gao, Nathan Brajer & Suresh Balu

ngy Digital Medicine 3, Article number: 41 (2020) | Cite this article

B222 Accesses 9 Cnations | 73 Altmetric | Metncs

Warnings
* General warnings: This model was not trained or evaluated on patients receiving care in the ICU. Do
not use this model in the ICU se (his model was trained to identify
the first episode of se» tient stays with multiple
sepsis episodes interpretable and
does not pry
in contey

Model implementa tiom:
* Clinical trial: clinicaltrials.gov/ct
* (Clinical impact evaluation: TBD
* For inquiries and additional information: please email mark.sendak@duke.edu

--proprietary and confidential--
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m Data Quality Check Framework

2015-2019

Deep Learning Tools

EHR Data Quality Assessment Dimensions

CONFORMANCE COMPLETENESS PLAUSIBILITY

Value Conformance Atemporal Completeness Temporal Plausibility
Data elements meet prespeuﬁed Absence of data at a moment Time-varying variables change values
value constraints without reference to structure as expected (event rate)

\ TemporaICompIeteness Atemporal Plausibility \

Observed values, distributions,
densities agree with standard

Presence of data over time without
reference to other data

Data meet structural constraints and
meet database integrity

Calculation Conformance \ oL SRS S Uniqueness Plausibility \
Assessing Quality of Surgical Real-World

Data from an Automated Electronic Health

Derived values yield intended results
within & between datasets

Record Pipeline
Kristin M Corey, BA, Joshua Helmkamp, BS, Morgan Simons, BS, Lesley Curtis, PhD, D u p | I Catl O n C h e C k fo r O bJ e Cts ‘

Keith Marsolo, PhD, Suresh Balu, MBA, MS, Michael Gao, BS, Marshall Nichols, Ms, Joshua Watson, MD,
Leila Mureebe, MD, MPH, FACS, Allan D Kirk, MD, PhD, FACS, Mark Sendak, MD, MpPP

Kahn MG, Callahan TJ, Barnard J, et al. A Harmonized Data Quality Assessment Terminology and Framework for the Secondary Use of Electronic Health Record Data. EGEMS (Wash DC).
2016;4(1):1244. Published 2016 Sep 11. doi:10.13063/2327-9214.1244

F
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m DIHI monitoring Al: doveryai no proveryai*

2015-2019

Deep Learning Tools

Effective monitoring of Al/ML solutions also requires multidisciplinary combination of technical and
human capabilities, including expertise in engineering, data analysis, Al/ML, and clinical domain
knowledge employed during the solution development phase.

Model Monitoring Solution Monitoring Operations Monitoring
« Data quality monitoring « Outcome monitoring  Alerting & notification
* Input data accurate, complete, * Project specific measures * Flexible rules-based engine
and up-to-date * Bi-annual for most solutions for alerting
* Entity/grouper monitoring * Used in clinical workflow
« Continuous monitoring e Workflow Changes « Email/page/spok/sms etc.
* Observation / documentation
* Performance comparison « Technical monitoring
* auroc, auprc wrt. training « Usage monitoring * Model run times, failures etc.
* Analysis cadence: M/Q/Y Ul tools/dashboard usage * Service level monitoring
* Secondary data analysis
 Output drift monitoring - Regulatory & Policy
* Data distribution e User feedback « Compliance monitoring for
 Category distribution » Survey for model & solution regulation & Duke policies
usability and refinements  Ethical and legal standards

F . _
KLE & Duke Institute for Health Innovation --proprietary and confidential-- Trust but VERIFY, a Russian proverb 40



m Solution and input data monitoring at Duke examples

2015-2019

Deep Learning Tools

Continuous monitoring to ensure safety & quality of data ~ SEP-1 bundle compliance | Sepsis Watch™ model

opanWalch - Grouped Laba Ordersd Past ) Moath 100% .
A AT SMNOW A WO GRCEEOWIT  SRMEN RN x xue QCuAeE § GOATE GOCMA SN SIBUOUN 94 GORITONT AR GUCHN B BWN u '
. P SR e 90% 7%
B ot 1 (4 80% 75% o
- 71% >
Labs § e o
i 60% 53%
50% - 43%
o 38% 39%
- ) 29% 31%
: 30%
s o
. ! 20% -
H o 10% -
. 0% : : : : ‘
af, Q2, Q3, Q4, af, Q2, Q3, Q4 af, Q2, Q3, Q4, Qf,

W T I e e e —— - 2017 2017 2017 2017 2018 2018 2018 201’8 2019 2019 2019 2019 2020

e e e e e e e S epsis Watch Go Live
— E - ~r - - " o v v At ~ ¥ Pre-Sepsis Watch Compliance (2017 Q1 - 2019 Q1) = 30%

Post-Sepsis Watch Compliance (2019 Q2 - 2020 Q1) = 70%

S e R S o e Goal-concordant care outcome | HealthGuard™ model

50

SN - Cr ] M B abira Admaaternd Pov Tow
[T TR T CP R T— P S VP TS —

Medication Administrations

45
40
35
30
25
20
15

10

Percent of GOC Completed within Target

2016 2017 2018 2019 2020 2021 2022

F
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m Sepsis Watch™ Solution Change Management

2015-2019

Deep Learning Tools

Governance Committee
» Associate Medical Director, Duke Hospital
Medicine Program
* Medical Director of the Analytics Center of
Excellence
* Chief Nursing & Patient Care Services
Officer

» Assoc. Chief Nursing Officer (x3)

* Nurse Manager (RRT)

* Nurse Manager (ED)

» Medical Director, Emergency Department
VP, Emergency Services and Patient Flow
DIHI Director
ED MD
* ED nurse
RRT nurse

4444444

I
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m Era :: COVID Breathe (In The Air)

2020-2022

Staffing & retention
Facility utilization; tele
Health Equity

Language Understanding
& Al Infrastructure

DALL E, NLP, CoPilot
GPT-3: most dangerous
Governance & Regs

I
KLE B Duke Institute for Health Innovation --proprietary and confidential--

43



m Rapid Scaling | Governance | Health Al Partnership

2020-2022

—¥_

| | = | @ eana,,
Data & Model Automating Core Analytics Health Al
Governance Al/ML & Mobile Apps Partnership
4 ) 4 ) 7 N\ 4 | ; t )
Duke ABCDS AutoML Duke SymMon G” cgration
overnance
. J . Y . J \- J
é A s N s » N s o N
Federal Regs Eeature Stord COVID Reg -time Respon5|. e Al
Analytics Adoption
. Y \_ J \_ J g J

Do more, faster.

Duke Institute for Health Innovation --proprietary and confidential--
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[0 coviD-19 Monitoring

Hospital

DUH

Bed Location
(Select how to view bar chart)

Department

Select Bar Stack
Bed’s COVID-19 & 02 Device Status

COVID-19 & 02 Device Status

[ Empty

Bl COVID19+ ECMO & Vent

[ COVID19+, Vent

B COVID19+, no ECMO or Vent
[ No COVID19, Vent

[ No COVID19, no ECMO or Vent

I
KLE B Duke Institute for Health Innovation

DUH Occupancy on 4/21/2020 5:22:49 PM

Use filter to change hospital viewed. Identifies count of filled beds, regardless of inpatient status.

Type COvID-19

3
ICU 22
INTERMEDIATE 20
ED 1

Department (Click ‘Apply’ to process)
~

[v] (am

DMP 6E MED/PULMONARY MICU
[] omP 6w TRAUMA SICU

DMP 7E CARDIOTHORACIC SURGE...
(] DMP 7W GENERAL/THORACIC/CA...
DMP 8E NEURO ICU

[il DMP 8W NEUROLOGY/NEUROSUR...
DUH EMERGENCY DEPT

[] DUH N2100 GENERAL SURGERY
[] DUH N2200 GENERAL SURGERY
[] DUH N2300 GENERAL SURGERY
lzl DUH N3100 CARDIOTHORACIC SU...
[] DUH N3200 GENERAL SURGERY
DUH N3300 GENERAL/THORACIC/...
[] DUH N3500 RECOVERY DUKE NOR...
DUH N4100 NEUROSURGERY

[] puH na2o0 peicy

DUH N4300 GENERAL MEDICINE
[] DUH N5000-N NEONATAL ICN

DUH N5000-T NEONATAL TRANSIT...
[] DUH N5100 PEDIATRIC HEM/ONC/...
DUH N5200 PEDIATRIC BMT

[] DUH N5300 PEDIATRIC NEURO/CA...
DUH N5400 OB TRIAGE

[] puH ns400 PCcc

DUH N5600 PICU

[] DUH N5700 L&D/POST-PARTUM
DUH N5800 OB/POST-PARTUM

[] DUH N6100 ORTHOPEDIC SURGERY
DUH N6300 URO/OTO/OPTH/PLAS...
[] buH N7100 CARDIOLOGY

DUH N7200 CARDIOLOGY

[] buH N7300 CARDIOLOGY

DUH N7700 CARDIAC INTENSIVE ...
[il DUH N7800 RENAL/PULMONARYj/...
DUH N8100 GENERAL MEDICINE

[] DUH N8200 GENERAL MEDICINE ¥

ncel Apply

COVID-19 Vent

16
16
0
0

Bed location

DUH N5000-N NEONATAL ICN
DMP 7W GENERAL/THORACIC/CARDIOTHORA.
DUH N7800 RENAL/PULMONARY/MICU

DMP 6E MED/PULMONARY MICU

DMP 6W TRAUMA SICU

DMP 8E NEURO ICU

DUH N7700 CARDIAC INTENSIVE CARE

DUH N5000-T NEONATAL TRANSITIONAL

DUH N4200 PCICU

DUH N5400 PCCC

DUH N5600 PICU

DUH N5800 OB/POST-PARTUM

DUH N2300 GENERAL SURGERY

DUH N4300 GENERAL MEDICINE

DUH N8300 GENERAL MEDICINE

DUH N8100 GENERAL MEDICINE

DUH N9100 HEMATOLOGY/ONCOLOGY

DUH N4100 NEUROSURGERY

DMP 8W NEUROLOGY/NEUROSURGERY

DUH N6300 URO/OTO/OPTH/PLAS/GYN SURGE.
DUH N3100 CARDIOTHORACIC SURGERY

DUH N3300 GENERAL/THORACIC/CARDIOTHO..

DUH N7300 CARDIOLOGY

DUH NS300 ONCOLOGY

DMP 7E CARDIOTHORACIC SURGERY
DUH N7100 CARDIOLOGY

DUH N2100 GENERAL SURGERY

DUH N5100 PEDIATRIC HEM/ONC/IMM/REN/G.

DUH N8200 GENERAL MEDICINE
DUH N3200 GENERAL SURGERY
DUH N5700 L&D/POST-PARTUM

DUH N2200 GENERAL SURGERY
DUH N5200 PEDIATRIC BMT

DUH N6100 ORTHOPEDIC SURGERY
DUH N5300 PEDIATRIC NEURO/CARD/PUL/UR.
DUH N5400 OB TRIAGE

DUH NS200 ADULT BMT

DUH N3500 RECOVERY DUKE NORTH
DUKE NORTH OB OR

DUH N7200 CARDIOLOGY

DUH EMERGENCY DEPT

--proprietary and confidential--

Compare Bed’s COVID-19 & 02 Device Status according to Department

2020-2022
COVID

COVID-19 ECMO Non-COVID Vent Non-COVID ECMO Bed filled Beds Available
2 54 693 405
2 54 0 219 43
0 0 0 421 329
0 0 0 53 33
Total Beds
54 2
T [P [T TT 1T 7
T
405
T
1||||||||||||||||||||||||||
COVID19 +
2
]
I Vent or ECMO
¢ 4
1
ERRNNRRNNNNENEE]
[
i
T
T T
10 20 30 40 50 60 70 80 90

Bed Count
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Displays bed and status of patient last documented in the bed. Includes admissions without time restriction.
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DRH 63 SURGERY GENERAL/BARIATRIC

DRH CRITICAL CARE

0 N9¥d

DRH PACU ICU OVERFLOW

DRH 43 MOTHER/BABY CARE

DRH 53 NEUROLOGY ONCOLOGY

DRH 52 TELEMETRY

DRH 73 PHYS MED AND REHAB

DRH LABOR AND DELIVERY

DRH 61 PSYCHIATRY

DRH SPECIAL CARE NURSERY

DRH CLINICAL DECISION UNIT

DRH ENDO BRONCH
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m Health Al Partnership (HAIP) — global network Gl

S
l

DIHI

COVID

2020-2022

objective: Empower healthcare professionals to use Al
effectively, safely, and equitably through community-
informed up-to-date standards

4 N

prioritize solutions
to advance health
equity and
eliminate the Al

digital divide

e Institute for Health Innovation

4 N

ensure Al adoption

is driven by patient
care needs, not
technical novelty

NS

/

i N\

surface socio-
technical
challenges in Al use
and foster a

positive work

K environment

--proprietary and confidential--

4 N

create safe spaces
to share learnings
and consult peers

NS

/
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m Health Al Partnership (HAIP) core

2020-2022

COVID

m DukeHealth

u 0'00 Hackensack
00.0! Meridian Health

MICHIGAN MEDICINE
UNIVERSITY OF MICHIGAN

UWHealth

I
KLE B Duke Institute for Health Innovation

Y MOREHOUSE

a health ai
partnership

Healthcare Delivery Organizations

MAYO
CLINIC

Franciscan
Missionaries
@ of Out Lady

Jefferson i

Theeman Jeferson Unwerity KAISER PERMANENTE -

SCHOOL OF MEDICINE

— NewYork-
=1 Presbyterian

#accl UGSF

University of California
San Francisco

gascan

Ecosystem Partners

Berkeley OCHIN

UNIVERSITY OF CALFORNA

AMAE

DLA PIPER

Federal Agencies

Office of the National Coordinator
for Health Information Technolegy
*Participating as a Sederal cbaerver

GORDON AND BETTY

MOORE

FOUNDATION

Sponsor

--proprietary and confidential-- 48



Procurement

Identify and
prioritize a
problem

Evaluate Al
as a viable
component
of the
solution

I
”I-E B Duke Institute for Health Innovation

Development
& Adaptation

Develop measures of 6
outcomes and success
of the Al product

Design a new optimal
workflow to facilitate
integration

Evaluate pre-integration
safety and effectiveness
of the Al product

2020-2022

Clinical
Integration

Execute change
management,
workflow
integration, and
scaling strategy

--proprietary and confidential--

m HAIP - 8 Key Decision Points for Al adoption

8

Lifecycle
Management

Monitor and
maintain the Al

product

Update or
decommission
the Al product

a

health ai
partnership

49



m Al Governance @ Duke Health

algorithm-based clinical decision system (abcds) Oversight Committee was formed in January 2021

Transparency & Accountability
Clinical Value & Safety

ABCDS Oversight
Committee

Fairness & Equity
Usability, Reliability & Adoption

i bR

ABCDS

ABCDS Regulatory Implementation

Advisory
Subcommittee

ABCDS Evaluation Regulatory Compliance

Subcommittee & Monitoring

Subcommittee

I
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m Governance Framework for Al Lifecycle Management

2020-2022
COVID

Focus is on ensuring safety, efficacy, equity of the Al solution

Al model and its integration into workflow
Anticipate, prevent, and mitigate algorithmic harms

Stage 1: Stage 2: Stage 3:

Silent Effectiveness General

Model Development
Deployment

Or Procurement Evaluation Evaluation

Bedoya AD, et al., A framework for the oversight and local deployment of safe and high-quality prediction models. J Am Med Inform Assoc. 2022 Aug 16;29(9):1631-1636.

--proprietary and confidential--
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Regulation compliance

2020-2022
COVID

Your Clinical Decision Support Software: Is It a Device?

The FDA issued a guidance, Clinical Decision Support Software, to describe the FDA's regulatory approach to Clinical Decision Support [CDS) software functions. This graphic gives a general
and summary overview of the guidance and is for illustrative purposes only. Consult the guidance for the complete discussion and examples. Other software functions that are not listed
may also be device software functions. *

Your software function must meet all four criteria to be Non-Device CDS.

=
-]
= 2. Your software v S
BT i ion di functi id /" function provides the
- function does NOT function displays, \ unction provides : P g
= § acquire, process, or analyzes, or prints medical |} .. recom.menda.tlons \ / asis of the Your software
- 2 . . -
Ea analyze medical information normally || > \i (information/options) toa | > ’ 1he HCP dog nok roly > function may be
: 3 . f .
o images, signals, communicated between HCP rather than provide /| \ primarily on any / non-device CDS.
ES a specific output /
or patterns. A
E or directive.
A N
ISR, IINCH st M20 el De Runoes, SIGuat, STpat eI — —
$wn
E L « Information whose relevance to a * Lists of preventive, diagnostic, or * Plain language descriptions of the
3 E- clinical decision is well understood treatment options solrwarg purpose, medical input,
e 8 « A single discrete test result that » Clinical guidelines matched to underlyingalgorithm )
o I: is clinically meaningful patient-specific medical info * Relevant patient-specific information
= * Report from imaging study * Relevant reference information about xgso’;l;er;:g?-ms/unknmns for
a disease or condition
OR OR OR

« Signal acquisition systems * Continuous signals/patterns * Risk scores for disease or condition « Basis of recommendations is not

« In vitro diagnostics * Medical images * Probability of disease or condition provided Your software

« Magnetic resonance imaging [MRI) * Waveforms (ECG) « Time-critical outputs functionis

» Next Generation Sequencing NGS] * More continuous sampling a device.

(aka - a signal or pattern]
* Continuous Glucose Monitoring
(CGM]
» Computer aided detection/diagnosis
(CADe/CADx)

*Disclaimer: This graphic gives a general overview of Section IV of the guidance (“Interpretation of Criteria in Section 520(0)(1)(E) of the FD&C Act"). Consult the guidance for the complete
discussion. The device examples identified in this graphic are illustrative only and are not an exhaustive list. Other software functions that are not listed may also be device software functions.

Reference: FDA Graphical Guide available at https://www.fda.gov/media/161775/download

I
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https://www.fda.gov/medical-
devices/digital-health-center-
excellence/digital-health-policy-navigator

Clinical Decision Support Software

Guidance for Industry and
Food and Drug Administration Staff

D ti d on September 28, 2022.
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m DIHI Automated Model Refinery

2020-2022
COVID

Automatically build models for defined clinical outcomes

o X ix

State-of-the-art Easy to use Massively
Performance Parallel
Searches over hundreds of No-code interface means Train hundreds of models
thousands of model minimal programming is §|mul.taneously and
configurations to find best needed to use the system! intelligently prune low-
performance performing models

Clear documentation
Can take full advantage of

Consistently replicate
compute resources

published state-of-the-art

performance on mortality, ICU Uses same distributed

transfer, etc. computing framework as
companies like OpenAl

o§> RAY K”ﬁRow>>>

Automated
Evaluation

Models are
automatically run
through custom
evaluation methods

Standard metrics
reported and used for
model selection

Model development and training can be measured in hours and days, rather than months!

F
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m DIHI Feature Store

------ » Compute/time intensive

.4 s -=- ------ > Inexpensive > =-
] ~—— - ]
- : — - — - —
UU ----- - mT ———— ] - - m T e - ——— e
U E B "= U Il . U i -
e - e
!-----P m ————— - e=————p —
- . = =
Old paradigm Feature Store paradigm
1. Raw data is pulled individually for projects 1. Raw data is pulled one time and used to generate features and
2. Model inputs are created independently for each model placed into feature depot
3. Results in redundancy in compute/code/time 2. Model inputs are available to all models as soon as they are

4. Increases error rate due to code duplication generated
3. Code to generate models only requires one-time validation!
4. Heavily reduces compute cost

Feature stores provide on-demand features which are validated and highly-available
- Reduces model iteration time

- Increase feature complexity which can improve model performance

F
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m Era :: Gen Al - We didn't start the fire!

2023-2024

Generative Al / LLM

Margin challenges
Talent shortage for care
Demand for digital care

GenAl domination

GPT-4 / Gemini / Llama
White House EO, EU-A
Act, ONC HTI-1, FDA
OCR-1557 ...

I
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m Era :: Gen Al - We didn't start the fire!

2023-2024

Generative Al / LLM

|
Gen Al / LLM

Ve

.

Capacity Building

~

Y

Ve

LLM Evaluation
Frameworks

~

Scaling
Al/ML

®
@ health ai
'| partnership

Health Al
Partnership

Adjacencies

~

Practice Network

J

S
o

Duke Institute for Health Innovation

Accelerating
Al/ML
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~

Policy updates,
Case Studies
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m Generative Al

Visit: dihi.org/events/rfa
email: dihi-rfa@duke.edu

% @dukeinnovate

T
51'? B Duke Institute for Health Innovation

2023-2024
Generative Al / LLM

“ Duke Institute
for Health Innovation

We invite you to submit your novel ideas supporting
Generative Al & Large Language
Models: Al solutions to improve
stafl and-clini¢ian efficiency, patient

journey and outcomes

Proposals due: NOVEMBER 3, 2023
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m Portfolio of LLM-based Solutions in 2024

2023-2024
COVID Generative Al / LLM

| Affordable Care Act  Deep LearningTools  €OVID I NGEREiStv AN
2024-2025 Innovations

Al-Powered Knowledge Management System and Training Module

Using artificial intelligence to reduce the burden of prior authorizations

Clinical Education Dashboards using large language models to improve education at Duke
Using Al for Surgery Pre-Authorization

Al-Powered Cardiothoracic ICU Handover Summarization Tool

Matching Transplant Donors to Recipients with Generative Al / LLM

Automating Oncology Patient Access and Elevating the Patient Experience

Automating Patient Connection for Health-Related Social Needs
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M Scaling AI/ML Solutions @ Duke Health and beyond

2023-2024

CoVID Generative Al / LLM

* Sepsis Watch * PE in Emergency Department
* Risk of Mortality  Cardiac decompensation and Shock
* Inpatient, 30-day, 6-month and 1 year * Hypotension, hypoperfusion, vasopressor
e Goal-concordant care / ACP admin, Respiratory decline/intervention
» Adult decompensation * Pediatric Sepsis
» Unplanned transfer to ICU/RRT * Phenotype and predictive model
« ED Triage (admission prediction) * Pediatric decompensation
» Regular bed vs ICU * Pythion: Surgical Complication Prediction
« MI, Stroke, VTE, Mortality, Readmission

« ED Diversion prediction
« TBI CT model

* Dermatology [PCP use]
« CKD for population health

* IrAE: Immune therapy related adverse events
* Lung transplant outcomes prediction

» Equity in kidney transplant process
4 b P * AKI post CT surgery

» Maternal Early Warning System
« HIV PrEP

* Maternal Sepsis
* Hemorrhage in L&D
 PAD
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m Sepsis ..... fast forward to 2024

» Sepsis Watch dashboard and page notifications support live workflows at DUH and DRAH since 2018, with observed
positive impact so far on bundle compliance, O/E mortality and O/E length of stay

* The "Sepsis Watch Program” now has two components:
* (since 2018) Real-time prediction of and identification of the CMS real-time definition of sepsis
* (new in 2024) day-after-discharge bundle compliance full report on all patients who met CMS real-time definition of sepsis

* The Sepsis Watch real-time solution has two delivery methods:

* Web App: Sepsis Watch Web application (since 2018): Custom-developed Web Ul to support identification of sepsis and bundle
tracking once sepsis is identified

» Secure paging: Sepsis Watch real-time “high risk” and “met sepsis” notifications can be pushed via secure page to front line
clinician users for just-in-time review and intervention

» Sepsis Watch Pediatrics is catching up....
February 26, 2024

November 5, 2018 July 14, 2021 DUH ED: High Risk Condition + Fever
DUH ED: Sepsis Watch Web App DUH IP: Sepsis Watch Web App expands “met” page notification system goes
goes live in the ED (RRT nurse to cover Gen Med & Oncology IP units for live for pediatric patients (ED Charge
calling ED MD for high risk/met) “sepsis met” patients (RRT nurse rounds) Nurse, ED Pharm lead paged)
2018 2019 ~ 2020 - 2021 2022 ~ 2023 - 2024

June 5, 2019 March 1, 2022

DRAH ED: Sepsis Watch Web App DRAH IP: Sepsis Watch “sepsis met”

goes live in the ED (displayed as page notification system goes live for

trackboard at ED workstation) IP units (Rounding nurses paged)

I
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M Health Al Conveners: fragmentation

2023-2024

COVID Generative Al / LLM

Organization

Description

Organization

Description

Health Al Partnership
(HAIP)

A multi-stakeholder collaborative who seeks to empower healthcare
organizations to use Al safely, effectively, and equitably. Vision is to be the
trust partner and up-to-date source of actionable guidance for healthcare
professionals using Al.

American Medical
Informatics Association
(AMIA)

A society for health informatics professionals that offers education, training,
accreditation, and certifications.

Coalition for Health Al

A community of academic health systems, organizations, and expert
practitioners of artificial intelligence (Al) and data science.

Society for Imaging
Informatics in Medicine
(SIIM)

Healthcare professional organization for those interested in use of informatics in
medical imaging.

Valid Al

A collaborative community to advance generative Al in a responsible manner
to improve health care and research

HIMSS (Healthcare
Information and

Management Systems
Society)

A member-based society that covers a large part of health technology
ecosystem. This society offers educational resources such as course materials,
guides, webinars, and certifications on a range of health information and
technology subjects.

National Academies of
Medicine Al Code of
Conduct

Aimed at providing a guiding framework to ensure that Al algorithms and their
application in health, health care, and biomedical science perform accurately,
safely, reliably, and ethically in the service of better health for all.

HLTH

Community for innovators in the healthcare ecosystem. Has a heavy industry
focus. Hosts conferences and creates digital content like webinars, podcasts,
and blogs.

Digital Health
Collaborative

The Digital Health Collaborative is a group of leading healthcare and consumer
organizations that share a commitment to “raising the bar” for evidence and
value in digital health technology.

Alliance for Al in
Healthcare

An international multi-stakeholder membership-based advocacy group
organized to influence regulatory principles for development and
implementation of Al in healthcare.

A community of technology creators, developers and adopters collaborating to

Al Healthcare Coalition

An industry advocacy group to influence on health care Al policy and law.

Healthcare Products
Collaborative

Promotes discussion and innovation in the healthcare products community,
bringing together regulators, professionals, academics, and thought leaders to
tackle industry challenges.

Connected Health
Initiative

A multi stakeholder coalition that advocates for policies and laws related to Al
in healthcare. They educate regulators and lawmakers and publish white
papers that define industry best practices.

jihe Al Alliance advance safe, responsible Al rooted in open innovation.
Through collaboration, TRAIN members will help improve the quality and
trustworthiness of Al by:

Trustworthy & - Sharing best practices related to the use of Al in healthcare settings

Responsible Al Network
(TRAIN)

- Enabling registration of Al used for clinical care or clinical operations

- Providing tools to enable measurement of outcomes associated with the
implementation of Al

- Facilitating the development of a federated national Al outcomes registry for
organizations to share among themselves.

The Al Collaborative
(Nuance + The Academy)

A peer learning and consulting services to clinical and operational executives
who oversee their organization's investment in Al tools for healthcare.

Collaborative Community
on Ophthalmologic
Imaging

A collaborative of academic institutions, government agencies, private
businesses, and professional organizations dedicated to establishing standards
of practice for innovative ophthalmic imaging.

KLAS Research

A consulting services that evaluates digital products by aggregating and
synthesizing feedback about vendor products.

Machine Learning for
Healthcare

Academic publishing and dissemination of scientific work

Center for Al Policy (CAIP)

The Center for Al Policy (CAIP) is a nonpartisan research organization dedicated
to mitigating the catastrophic risks of Al through policy development and
advocacy.

Association for Health
Learning & Inference

Academic publishing and dissemination of scientific work

Center for Public Sector
A.l

The Center' firmly believes that, if managed carefully and prudently by the right
leaders, technology like generative Al can significantly improve government
agencies' ability to serve the public.

T
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m Differentiation of HAIP Al Practice Network (© [EEE

2023-2024
Generative Al / LLM

G0o

N

Voice of Support high- Team of clinical, Provider of
healthcare and low-resource technical, technical
organizations environments operational, assistance for Al
strategic, and implementation
regulatory

stakeholders

T
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m HAIP Al Practice Network

CoVID Generative Al / LLM

Enhance Procurement and Product Adaptation: Augment procurement process for Al
products and local adaptation of the Al product to ensure safe, effective, and equitable
integration into care delivery. Implement best practices across HAIP key decision points.

Formalize Al Governance: Utilize HAIP educational material to formalize localized Al
governance. lterate on organizational governance policies for Al tools with HAIP.

Programmatic Support: One-on-one touchpoints with HAIP Coordinating Center to

review progress navigating key decision points, and to address questions and challenges.

Expert Consultations: Pre-arranged office hours and panel discussions with HAIP
leadership council and Corps members, including broad range of data engineering
expertise, Al methods expertise, and policy / regulatory expertise to address site-specific
challenges.

Peer Learning Community: Community meetings that bring together Al practitioners
across practice network sites to share experiences navigating the Al product lifecycle
management

Educational Materials: Access guides, best practices, templates, and case studies
curated by HAIP Corps sites. Utilize Health Equity Across the Al Lifecycle (HEAAL)
framework to assess equity impacts of Al tools.

F
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a health ai
partnership

2023-2024

HEALTH TECH STAT+
Al is becoming the exclusive

province of academic medicine. A
new initiative aims to change that

Jﬁf‘ By Casey Ross W April 29, 2024 Reprints
o

n Kingman, Ariz., a windswept city of 35,000 at the eastern edge of the Mojave
desert, data scientists are about as rare as a drenching rain. The local health
clinic doesn’t have a stable internet connection, much less the software to

support the latest, greatest artificial intelligence.
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https://healthaipartnership.org/key-decisions-in-adopting-an-ai-solution

Thank you!

suresh.balu @ duke.edu

I
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advancing innovative healthcare
with compassion at its core
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