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Duke Institute for Health Innovation =
Founded in 2012... now a 10-person team in 2019

Our Mission: Catalyze innovation at Duke

Promote through high-impact
research, leadership development and workforce training and the cultivation of a
community of entrepreneurship

Our Approach: Innovation by design

Understand , desired and and
then collaboratively develop concepts and prototypes, and to
finalize
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Sourcing Innovations: Structured & Opportunistic “=

RFA

Innovation
Pilots

DIHI RFA approach

“Top-down + Bottom-Up” approach to sourcing
innovations

*  Duke Health leadership carefully develops mission-aligned strategic
themes for innovation pilots

*  Front-line faculty and staff propose “problems” aligned themes and
novel solutions

+ Systematic review and due diligence: Assessments on team,
feasibility, resource needs, impact and value to patients

+ 8-12 innovation pilots chosen and funded each year; Duration: 12-
15 months

*  DIHI members embedded within project innovation teams to rapidly
catalyze the innovations

* Pivots as needed to support rapid evolution to create value

* Metrics: clinical utility, economic utility, cultural impact, IP and
academic outputs

vears  BBH4 250+

Innovations Innovation Pilots Proposals

Structured

Unsiiruciures)

DIHI Innovation Jam

A Health focused Shark Tank at Duke

Solicits and identifies high-potential healthcare and health
innovations ready for commercialization

Duke Leadership as Sharks:

+ DUHS leaders, Department Chairs, Deans of School of
Medicine, Nursing, Engineering, OLV, I&E, MedBlue, Center
and Institute Directors

Innovation proposals from students, faculty, trainees and staff
across campus

Funding to support entrepreneurship / formation of company and
also develop the product/service etc.

Inventors offer portion of their share of Duke internal returns for
investment from the sharks

Internal syndicated investment agreements documented through
MOUs.
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Health Care Possibility Frontier =

High Quality Services

Low Cost Services
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Health Care Possibility Frontier e

High Quality Services

Low Cost Services



|l||g Duke Institute

for Health Innovation

Growth of Data Science Capabilities ”L

121
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Number of Data Science Projects
w (0]

2014 2015 2016 2017 2018
Year 8



|l||g Duke Institute

for Health Innovation

Growth of Data Science Capabilities

Type
RFA

RFA

Ql

Project Title

Duke Connected Care CKD Care
Improvement

Machine Learning for Managing Surgical
Complications

High Utilizer Case Finding Dashboard

Outcome
Integrated into Operations

Startup — KelaHealth

Proof of Concept

/

2015 Staffing

Full Time 1
Interns 4
PhD Students 2

Medical Students
|

12-
Year
2015

i)

(@]

5} 2015

§ 9_

o

Q 2015

c

QD
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N 5

8
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a

©
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2014

2015 2016
Year

2017 2018
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Project Title Outcome
G rowth 2016 RFA Development of a Duke Specific Sepsis Early Integrated into Operations
Warning Score Commercial License
2016 Research Association Between BMI and Antibiotic Use in Study Complete
121 Young Adults
2016 Research Predict Congestive Heart Failure Readmissions Study Complete
2016 Ql MSSP Index Admission Prediction Integrated into Operations
9- 2016 Ql Pediatric Transitions of Care Application Proof of Concept
2016 Ql Duke Connected Care Diabetes Care Proof of Concept
Improvement

/ /

2016 Staffing

Full Time

Number of Data Science Projects
(0]

2
Interns 2
PhD Students 2
0- Medical Students 4

| | | | , |
2014 2015 2016 2017 2018
Year 10
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Growth

121

Number of Data Science Projects
(0]

Project Title Outcome
2017 RFA Pallialytics: Analytics to Inform a Palliative Care Population Integrated Into Operations
Health Program
2017 RFA Optimization of Perioperative Care Through Machine Integrated Into Operations
Learning
2017 RFA Rational CCU Triage for Stable Patients with NSTEMI Integrated Into Operations
2017 Research Duke Environment for Learning and Promoting Health Proof of Concept
Innovation
2017 Research Barriers to Scaling EHR Analysis Study Complete
2017 Research Including Diagnosis Codes as Features for Predictive Study Complete
Tasks
Full Time 3
Interns 2
PhD Students 2
Medical Students 5
2014 2015 2016 2017 2018 |

Year

11
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Year | Type Project Title Outcome
2018 RFA High Value Analyte Ordering Integrated Into Operations =
2018 RFA Automated Transthoracic Echocardiogram Project Ongoing
Interpretation
2018 RFA Cardiogenic Shock Management Program Project Ongoing
2018 RFA Inpatient Hyperglycemia Prediction and Project Ongoing
Management
2018 Research Surgical Open Data Science and Learning Study Complete
Health Platform
2018 Research Colorectal Cancer Prediction from CBCs Study Complete
2018 Research Diagnosis Grouping Predictor Comparison Study Complete
2018 Research Data Quality Assessment Framework Study Complete
2018 Research All-Cause Readmission Prediction Study Complete
2018 Research Federated Al: Assessing Model Generalizability  Study Complete
2018 Ql Inpatient Mortality Prediction and Dashboard Integrated Into Operations Full Time 4
2018 Ql 30-Day Mortality Prediction and Dashboard Integrated Into Operations Interns 2
PhD Students 1
01 / Medical Students 5
2014 2015 2016 2017 2018 |

Year 12
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Four Months Into 2019...

Year
2019
2019
2019
2019
2019
2019
2019
2019
2019
2019
2019
2019

Type
RFA

RFA

RFA

RFA

RFA

RFA Update
Research
Research
RFA

RFA

RFA

RFA

Project Title

Adult Inpatient Decompensation Prediction

Pediatric Inpatient Decompensation Prediction

Adult Cardiothoracic Intensive Care Bound-Back Prediction
Emergency Department Triage Prediction

Duke Patient Message Virtual Assistant

Model Update - Duke Specific Sepsis Prediction
Real-Time Prediction Model Evaluation Framework
Unstructured Note Text Pipeline

Adult Inpatient Decompensation Prediction

Pediatric Inpatient Decompensation Prediction

Adult Cardiothoracic Intensive Care Bound-Back Prediction
Emergency Department Triage Prediction

Outcome
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing
Project Ongoing

13
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Guiding Principles for Growth =

Build to show value Build to integrate Build to scale

Build Responsibly
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Build Responsibly =

Partner with outside organizations to evaluate
- Data & Society, Duke’s Social Sciences Research Institute

Retrospective, external model evaluations

“Silent Mode” periods before go-live

Continuous post-implementation model monitoring

Undergo peer-review to disseminate

Rigorous data quality assessment

Model threshold selection tools

“Model Fact” sheet for standard reporting for clinical end users
Stakeholder feedback loops to continue iterating

Pre-reqgister clinical trials

15
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Build Responsibly — Model Monitoring =

Sepsis Watch - Chromium

K3 sepsis watch x
© SepsisWatch x

& C | @ secure | hty
ps //sepsiswatch.dhe.duke edu. =
¢ H € C | @ Secure | https //dihisuperset.dhe duke.edu/s shboard/9,

SEPSIS WATCH +
Triage@)  Screened@  Monitoring@  Sepsis Bundie @) OO Superset  Secuntyv M Sourcesv 4 Managev i Chams @ Oashboards & SOLLsb v

Last updated 3 minutes ago. Watch &
sW
SCREEN SepsaEvents  Risk Scores  Anabtes
#HEF - FEBEFE, ¥ TOF MONITOR SEP ######,#-90F
DRH EMERGENCY DEPARTMENT - ###%-#%
S e == [ - EEERE SepsisWatch - Number of risk scores computed daily

COMMENT
SEPSIS CRITERIA MET ©

Met 7/31 0105 PM
SCREEN
#ARE - SARARE, # 6TF MONITOR LABS AND VITALS &
DRH EMERGENCY DEPARTMENT - ####-#7 T Unk wec 93
T36.8-P124-BP 137/87 ‘MAP 104 -R23 TREAT P 119 Lactate Unk
BP 89/62 MAP Al

R 32

COMMENT
BUNDLE ITEMS IN PAST 3 HRS B Sepsiswatch - Daily Risk Scores
+ Lactate
 Blood Cultures
o
o

SCREEN

M R

AREE - RERAHE, MONITO!

DRAH EMERGENCY DEPARTMENT -
! 9. BP 89/62 MAP 71 -R32

i A CCOMMENT

o8-8 TREAT

@ Met sepsis criteria 7/31 01:05PM

sepsisWatch - Dally Risk Sceres (07 Location)
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Build Responsibly — “Model Fact” Sheet

AY,

Model Facts

Model name: Deep Sepsis
Version: 1.0

Summary

This model uses EHR input data collected from a patient’s current encounter at the hospital to estimate the
probability that the patient will meet sepsis criteria within the next 4 hours. It was developed in 2016-2019
by the Duke Institute for Health Innovation. The model was licensed to Cohere Med in July 2019.

Mechanism
B OULCOME ... e e Sepsis within the next 4 hours. See (1) for sepsis criteria
B OULPUL ... e e 0% - 100% probability of sepsis occurring in the next 4 hours
= Patient population ...........ccccceeverreennene. all adult patients >18 y.o. presenting to DUH ED and admitted
= Time of prediction ... e e every hour of a patient’s encounter
" INPUt data SOUFCE.........ccceeeeeeeeeerere e s ereee e eae e seenesresaesa srereneans Epic data in extracted from Clarity
* Inputdata type ......rricinennceneee e, demographics, analytes, vitals, medication administrations
= Training data location and time-period .............cccccoeeeereeererereseeses e ceneereens DUH, 10/2014 - 12/2015
L 17/ (e T L= IV OSSR RS Recurrent Neural Network

Uses and directions

= General use: This model is intended to be used to by clinicians to identify patients for further
assessment for sepsis. The model is not a diagnostic for sepsis and is not meant to guide or drive
clinical care. This model is intended to complement other pieces of patient information related to
sepsis as well as a physical evaluation to determine the need for sepsis treatment.

= Examples of appropriate decisions to support: Identification of high-risk patients for further
evaluation to determine appropriateness of treatment for sepsis.

= Before using this model: Test the model prospectively on local data and confirm generalizability of
model to the local setting and that model is effectively integrated into production system.

= Effectiveness evaluation: Evaluated in an emergency department to assist identification of high-risk
patients for further evaluation in an emergency department. The rapid response team, nurse-driven
workflow was effective at improving sepsis treatment bundle compliance.

= Safety evaluation: TBD

Validation and performance
e Retrospective: 20% random held out set from 10/2014 — 12/2015, AUROC 0.882
e Temporal: 6-month temporal validation set of ED visits at DUH between 03/2018 — 08/2018, AUROC
0.943
e Prospective: TBD
e External: TBD

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 setting without further evaluation. This model was trained to identify
the first episode of sepsis during an inpatient encounter. During long inpatient stays with multiple
sepsis episodes, model accuracy needs to be further evaluated. The model is not interpretable and
does not provide rationale for high risk scores. Clinical end users are expected to place model output
in context with other clinical information to make final determination of diagnosis.

= Examples of inappropriate decisions to support: Implementation in the ICU or throughout inpatient
encounters without further evaluation. Use of model as a diagnostic to guide clinical diagnosis and
treatment for sepsis.

= Discontinue use if: Clinical staff raise concerns about how the model is being used or model
performance deteriorates due to data shifts or population changes.

Other information:

= Publications:
1) pre-print: https://www.biorxiv.org/content/10.1101/648907v1

= Related models:
1) gSOFA: Seymour, C. W,, Liu, V. X., lwashyna, T. J., Brunkhorst, F. M., Rea, T. D., Scherag, A., et al.
(2016). Assessment of Clinical Criteria for Sepsis: For the Third International Consensus Definitions
for Sepsis and Septic Shock (Sepsis-3). Jama, 315(8), 762-774.
http://doi.org/10.1001/jama.2016.0288
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Pythia: A Surgical Use-Case
of Building Value,
Integration, and Scalability
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DIHI’s Guiding Principles

Build to show value Build to integrate Build to scale

« Work on the right
problem

« Bring together the right
team

 Engage the right
leaders

* Optimize to learn

 Generate short term
wins

Design solutions with .
front line staff

Establish governance
|dentify champions to

drive adoption

Collaborate to train

and educate

Developing project
infrastructure to
help serve other
projects

19
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Build to show value Build to integrate Build to scale
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Build to show value Build to integrate Build to scale ﬂ_

Working with the right team

Perioperative Journey

'y

21
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Build to show value Build to integrate Build to scale q

Post-Operative Complication Risk Prediction Models

@PLOS MEDICINE

RESEARCH ARTICLE

Development and validation of machine
learning models to identify high-risk surgical
patients using automatically curated
electronic health record data (Pythia): A
retrospective, single-site study

Kristin M. Coroy " “*, Sehj Kashyap'®, Elizabeth Lorenzi %, Sandhya A, Lagoo-

Deenadayalan’, Katherine Meller -, Krista Whalen', Suresh Balu ", Mitchell T. Heflin®,

Shelley R, McDonald ‘. Madhav Swaminathan *, Mark Sendak'

Lasso

Random Forest Boosted Trees

1.004

o

~

w
1

True Positive Rate (Sensitivity)
%

0.004°

I

0.00 025 0.50 0.75 1.00.00 0.25 0.50 0.75 1.00.00 0.25 0.50 0.75

False Positive Rate (1-Specificity)

1.00

Complication
== Any Comp
== Cardiac
== Death
== Endo
== (Gastro
== Genit
== Hemat
== |ntegumentary
== Neuro
w Pulm
 Renal
Sepsis
« Shock
* Vascular
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K patients

Differentiating high-ris

Predicted Probabiities

Boosting

La

Random Forest

1.00 1

0.75 1

o

o

o
1

0.25 1

0.00

Any Complication

Any_Complication
=N
=

Build to show value Build to integrate Build to scale ”L

23
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kllu Duke Institute
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1. Procedure Details

Primary Procedure:

44147

Total procedure codes:

2. Demographic and Social History
Patient Age:

70 .

Patient BMI:
30 .
Sex:

Male v

Choose Patient's Race:

White Caucasian v

Level of smoking in past year:

Former Smoker v

3. Patient Comorbidities

All Comorbidities:
Hypertension (Complicated or
Uncomplicated)
Diabetes w/ Chronic Complications
Solid Tumor without Metastasis

Diabetes without Chronic Complications

All Medications:

Anti-Hyperglycemics

Cardiovascular Drugs Antiplatelets

Post-operative Complication Risk Calculator

Complication Risk

Complication Risk (%)
Any complication 22.50
Endocrine complication 6.10

Gastric complication 5.00

High-risk patients are flagged
if “Zany complication” risk is
over 18%. Specific risks are

displayed if over 5%.

Build to show value Build to integrate Build to scale ﬂ_

24
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Build to scale
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Build to show value Build to integrate Build to scale ”L

le Duke Surgery

% Laboratory for Transformative
Administration

|||| Duke SCORES

Surgical Center for Outcomes Res

26
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Build to show value Build to integrate Build to scale

Building to Scale
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Build to show value Build to interate Build to scale

Building Infrastructure '
DIHI's Data Pipeline
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Building Infrastructure
Designing Data Quality Systems

eGEMs

Generating Evidence & Methods
to improve patient outcomes

A Harmonized Data Quality Assessment
Terminology and Framework for the Secondary

Use of Electronic Health Record Data

Michael G. Kahn, MD, PhD;' Tiffany J. Callahan, MPH; Juliana Barnard, MA;" Alan E. Bauck;" Jeff Brown, PhD;'
Bruce N. Davidson, PhD;~ Hossein Estiri, PhD;¥ Carsten Goerg, PhD;' Erin Holve, PhD, MPH, MPP;V

Steven G. Johnson, MS;Y' Siaw-Teng Liaw, MBBS, PhD, FRACGP, FACHI;YI Marianne Hamilton-Lopez, PhD, MPA;*
Daniella Meeker, PhD;* Toan C. Ong, PhD;*¥ Patrick Ryan, PhD;*' Ning Shang, PhD;*i Nicole G. Weiskopf, PhD;*"
Chunhua Weng, PhD, FACMIX Meredith N. Zozus, PhD;* Lisa Schilling, MD*

Build to show value Build to integrate Build to scale ﬂ_

29
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Build to show value Build to integrate Build to scale q

Building Infrastructure
Designing Data Quality Systems

« Conformance
« Completeness

* Plausibility — Uniqueness, Atemporal and Temporal

30
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Build to show value Build to integrate Build to scale ﬂ_
PO2_ART FEATURE STABILITY OVER TIME, MEANS B

Building Infrastructure |
Designing Data Quality |

Systems: Temporal Plausibility o |
A 1" ll' ]' './ | lln " ‘\‘. ’ﬂ“-, |
200- /\\ \ /A'. ,/l V\ ,' V "\.’I "H‘ \Va A /
f \ \/\\ // \ \/ l‘v/ \ '\ \/ \ / \\' /\'\ "u \\J}
\/
) COMPONENT_NAME
g PO2, ARTERIAL  (BKR)
= — PO2,ARTERIALOR (BKR)
s POC PO2, ARTERIAL  (BKR)
150 -
100-
2015 2016 2017 2018
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Sepsis Watch:

Build to Show Value
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Work on the Right Problem — Significant Pressure
750,000 sepsis cases in US annually, high mortality (30-50%)

$18,000 per hospital admission, $23B across all payers

No clear time of onset, no clear biomarker
3-hour treatment bundle failure increases inpatient mortality 14%

o Percent of Patients who Received Appropriate Care
50.0% for Severe Sepsis and Septic Shock

60.0%

40.0%

40.0% te2

22.0% 23.0%
-
0.0%
DUKE UNIVERSITY HOSPITAL DUKE REGIONAL HOSPITAL DUKE HEALTH RALEIGH North Carolina (Average for all National (Average for all
HOSPITAL reporting hospitals) reporting hospitals)

33
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Work on the Right Problem — Prior Solution Failed

National Early Warning Score (NEWS)*

PHYSIOLOGICAL
PARAMETERS

Admitted patients

‘ Respiration Rate <8 9-11 12 -20 21-24 >25
2T <91 92 - 93 94 -95 >96
Saturations
Any Sg)?;;zr:ental Yes No
Elevated NEWS score Temperature <35.0 35.1-36.0 | 36.1-38.0 | 38.1-39.0 >39.1
Systolic BP <90 91 - 100 101-110 | 111-219 2220
l Heart Rate <40 41 -50 51 -90 91 - 110 111 - 130 =131
COI’ILS?:‘{:[I]::IeSS A \ GG

BPA acknowledged or RRT activated

4

RRT-Sepsis called
Order set initiated
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Build to show value Build to integrate Build to scale

Work on the Right Problem — Prior Solution Failed

National Early Warning Score (NEWS)*

. s PHYSIOLOGICAL

Respiration Rate =8 9-11 12 - 20 21-24 =25

Oxygen

Saturations 92 - 93 94 - 95 >96

Any S I tal
Y Supplemen vos No

BestPractice Advisory - Long,Diamond

Elevated NEWS score

! NEWS Score>7 ;I
EARLY WARNING SCORING SYSTEM

This patient has a NEWS >= 7 which may indicate that they are critically ill. Contact your charge nurse D
immediately to discuss further treatment and activate an RRT, if appropriate, or indicate below a
reason to supress the warning.

**The following data were used to evaluate the NEWS Criteria™ rU

Resp: 20
. SpO2: 88 %
BPA acknowledged or RRT activated Any supplemental oxygen’:
Yes
[Temp: 39 °C (102.2 °F)
BP: 100/80 mmHg
Heart Rate: 120
Level of Consciousness: Alert

Acknowledge reason 7] |
Comfort Care | Trauma < 24 hrs | Post-Op < 24 hrs | Febrile Neutropenia - On Treatment
Known Sepsis-On Treatment | RRT Called | Other

RRT-Sepsis called Accept Cancel
Order set initiated

35
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Build to show value Build to integrate Build to scale ﬂ_
Work on the Right Problem — Prior Solution Failed

National Early Warning Score (NEWS)*
Admitted patients PAElele e lenl

PARAMETERS

Elevated NEWS score

l ~f Alarm Fatigue
JANEWS Score fired BPA 447 times/day;

-] Average of 42 unique patients/day.
Low Positive Predictive Value

l Only 6.8% of patients with NEWS BPA had
RRT-Sepsis called discharge diagnosis of sepsis

Order set initiated

BPA acknowledged or RRT activated
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Build to show value Build to integrate Build to scale ﬂ_
Bring Together the Right Team

User Interface L Clinical

Design Informatics
Machine Data
Learning Engineering

{ U SEPSIS WATCH \
Hospital Emergency
Medicine Medicine

Critical Infectious
Care Diseases

\ Nursing /

37
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Build to show value Build to integrate Build to scale ﬂ_
Bring Together the Right Team

Quantitative Sciences Trainee | User Interface - Clinical

Clinical Trai Design Informatics
inical Trainee / \
Machine Data
Learning Engineering
{ U SEPSIS WATCH + \
Hospital Emergency
Medicine Medicine

Critical Infectious
Care Diseases

\ Nursing /

38
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Engage the Right Leaders

« Twice yearly presentations to health system C-suite
* Monthly meetings with hospital president

* Monthly meetings with health system CTO

» Weekly meetings over 6 months with CMIO and IT

leadership

39
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Optimize for Learning — Focus on the ED

Duke Raleigh Duke Regional Duke University

Hospital

T stesw s foraeen
Daily Sepsis Cases 3.1 cases / day 4.7 cases / day 14.5 cases / day

Sepsis Cases in ED 391 (68.5%) 585 (67.2%) 1241 (46.4%)
1.83 hours

L CR GRS RN =D 1.92 hours 2.01 hours

adult encounters to 3 hospitals between March 1, 2018 — August 31, 201
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Build to show value Build to integrate Build to scale ﬂ_

Optimize for Learning — Focus on the ED

Distribution of sepsis events per day by Distribution of sepsis events by
ED (40%) vs inpatient (60%) setting number of hours after admission
80 - 800 -
o Setting o
O &0 Inpatient O 600
o BED S
=) =
O 40- o 400 -
o o
u- | | | | u-
20 - 200 -
0 - I I Il R R RRERERE. 0 -
0 5 10 15 20 25 -50 0 50 100

Hours Before or After

Number of Sepsis Events per Admission that Patients

nﬂ"
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Generate Short Tgrm Wins — Build Cool Tech

Gaussian process
imputes & interpolates,
maintaining uncertainty

m: Lab 1

m: Lab 2

m: Baseline
O

I

: Grid Time

oL RN B

42
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Gaussian process
imputes & interpolates,
maintaining uncertainty

m: Lab 1

m: Lab 2

m: Baseline
O

I

: Grid Time

Powerful deep learning
prediction model

2 - 6 8

O

10

i

Deep Recurrent Neural Network

RNN params

} } } |

O O

Current 1

risk

Build to show value Build to integrate Build to scale ﬂ_

Generate Short Tgrm Wins — Build Cool Tech

43
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Build to show value Build to integrate Build to scale ﬂ_

Generate Sho;t Term Wins — Show Model Works

08/ X Surgery
ICU Admit

4
0.2 ’ \
0.0 °

140

RISK

CREAT WBC RESP SPO2 PULSE TEMP

Hours After Admission 44
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Build to show value Build to integrate Build to scale ﬂ_

Generate Sho;t Term Wins — Show Model Works

Sepsis X Lactate (6.6)
08/ X Surgery X Infection found
ICU Admit ® Antibiotics

RISK

CREAT WBC RESP SPO2 PULSE TEMP

Hours After Admission 45
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Build to show value Build to integrate Build to scale ﬂ_

Generate Sho;t Term Wins — Show Model Works

Sepsis X Lactate (6.6)
08/ X Surgery X Infection found
ICU Admit ® Antibiotics

RISK

CREAT WBC RESP SPO2 PULSE TEMP

Hours After Admission 46
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Build to show value Build to integrate Build to scale ﬂ_

Generate Sho;t Term Wins — Show Model Works

Sepsis X Lactate (6.6)
08/ X Surgery X Infection found
ICU Admit ® Antibiotics

RISK

CREAT WBC RESp SPO2 PULSE TEMP

Hours After Admission 47
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Generate Sho;t Term Wins — Show Model Works

RISK

U 100

2 PUL

WBC REsp SPO

CREAT

Build to show value Build to integrate Build to scale ﬂ_

X Surgery

Sepsis X Lactate (6.6)

X Infection found
® Antibiotics

ICU Admit

ee oo e |
180 2
LI SRR
140 160 180 2
p Bl Sm—
e, xR XX
_ —
140 160 180 2
Bty x_x_x ke 1
* T % < X

140 160 180 2
=

— X > - X S

— g X
140 160 180 2
140 160 180 2
140 160 180 2

Hours After Admission
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Generate Sho;t Term Wins — Show

Duke Institute
for Health Innovation

RISK

o
o

EMP

o
w
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Generate Sho;t Term Wins — Show Model Works
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Generate Sho;t Term Wins — Show Model Works
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Generate Short Term Wins — Show Model Works

ROC curves, external cohort

True Positive Rate (Sens)

—— MGP-RNN SIRS
RF — NEWS

— COX QSOFA
— PLR

0.2 0.4 0.6 0.8
False Positive Rate (1-Spec)

%
O, €
<, ©

6, 7%,
Method AUROC (95% CI) Co,.. O
MGP-RNN 0.943  (0.933, 0.948) 0
RF 0.905  (0.896, 0.913) 2
COX 0.925  (0.919, 0.931)
PLR 0.897  (0.889, 0.904)
SIRS 0.748  (0.737, 0.757)
NEWS 0.690  (0.678, 0.703)
qSOFA 0.578  (0.567, 0.590)
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Build to Integrate



""g %ﬂlﬁegr;iﬁiﬁ?\:\eovation m
Build to show value Build to integrate Build to scale ﬂ_

Why is integration hard?

“There is nothing more difficult to take in hand,
more perilous to conduct, or more uncertain in its
success, than to take the lead in the introduction of
a new order of things.”

~Niccolo Machiavelli
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About a year ago today...

* | joined DIHI, knew nothing about Sepsis Watch,
and only a little about ML

 State of affairs with Sepsis Watch:
—Thoughtfully built, but not yet “real” to stakeholders
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Sepsis Watch Implementation at DUH — Timeline "L

Oct 4, 2018: finalized Dec 10: first Jan 7: First weekly report
Go Live plan with Nov 5: Sepsis Governance sent to Governance and
hospital leaders Watch Go Live | |Committee meeting — frontline clinical users
Sep Oct Nov Dec Jan Feb Mar Apr May
Validate Design, test, finalize Monitor and collect feedback Implement App updates .
Workflow + App May 5: pilot

phase complete

Educate and Create In-person In-person app updates
Train materials trainings + refresher training

Plan with key Disseminate across
stakeholders hospital
Create Invite members, , : :
Governance design charter Governance Committee steers project through pilot phase

Evaluate Weekly report distribute

Performance
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The three failures of implementation

1. Failure to See
2. Failure to Move
3. Failure to Finish

failure modes adapted from “Leading Strategic Change” — Black and Gregersen
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The three failures of implementation

1. Failure to See

Tactic to overcome

Lock into mental
models

Dangerous analogies

Perceived threats

Denial: “We don’t need to
change”

Inappropriate response: “We
shouldn’t let a computer
diagnose sepsis!”

Frame as threat: “Extra work
for me... forever?!”

Focus on 1-2 critical
changes

Clarify as opportunity —
model output is a powerful
data point

Label future as “an
experiment” (pilot)
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Sepsis Watch S Checks on :S> E Rounds on patient
: Checks Sepsis akes Sepsis . Completos bundie : within 2 hoﬂrs of Completes RRT-
T”age 'g Watch, observes an atch decision on Moves pgthnt sepsis Significant requirement ; patient's admission RRAT Sepsis
5| \ ED patient is septic, patient: from Mpmtonng Event Note —» progression in T onto floor (non-ICU) —» Watch coverage
Screened z or high risk Monitor to Sepsis Bundle ("sepsis risk’) in Sepsis Watch, : discusses patient ’ hand off at shift
Maestro Care llsEDN ' .
Monitori E caass neec:je'.:lrse ; with IP Nurse .
nitoring '
Sepsis Bundle
<
RRT Nurse & ED L
Physician —treat decision ‘gﬂ
discuss patient )
scenario (treat or g
not treat) t‘/b)
= £
3 \ Qo
3] 2
3 Reviews chart, 8
£ places orders for =
g sepsis treatment §
o 3-hr bundle, 6-hr a
bundle in S
Maestro Care a
w
£
S
€
o Treats patient per 2
g 3-hr bupndle G?hr Completes 3-hr, =
= ' starts 6-hr bundle e
4 bundle . ’
E requirements requirements 1
ED Nurse and IP
Nurse complete
——————>! patient hand-off
as patient moved
to floor A
[ '
g ' Completes any
z l remaining bundle
o requirements

(An RRT or \

patient
consult is the
top priority of

the RRT
\nurse -

59



""g %ﬂlﬁegr;iﬁiﬁ?\:\eovation m
Build to show value Build to integrate Build to scale ﬂ_

How did we overcome failure to see?

Drumroll....
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How did we overcome failure to see?

Drumroll....

Microsoft Powerpoint
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“Sepsis Watch: The Complete Guide”

T = 75 slides long
Roadmap —

= Soup to nuts
(assumes you know

What is Sepsis Watch?

Get to the point — how Sepsis Watch can save patient lives at Duke,
AND is quick to access and easy to use N OTH I N G )
Sepsis Watch How-to Guide
(l [} [}
Sepsis Watch workflow - Th IS pl I Ot Ca n h el p
Your Sepsis Watch support team will be with you S ave I |Ve S eee | S

breakthrough
science...and the
tool is easy to use”
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Sepsis Watch Web Application

.J SEPSIS WATCH +

Triage 0 Screened o Monitoring e Sepsis Bundle °

Last updated 2 minutes ago.

SCREEN

3UH2AP - Wells,H- 67 M
SEP  Bed 852 - Admit 10/11 11:59 AM MONITOR
T37.5-P67-BP117/68 - MAP 160 R 15

SEP Wells,H-67 M

[ Patient “card”

EULECY Bed 852
TREAT

Admitted 4 hours ago
® Met sepsis criteria 10/11 11:07 AM

Each “card” represents

SCREEN SEPSIS CRITERIA MET @
H H MFCM5Z - Mcdonald, G - 61 M Met 10/11 11:07 AM
a Slng |e patlent at SEP  Bed 557 - Admit 10/11 11:27 AM MONITOR ©
. T37.7-P 68 - BP Unk - MAP Unk - R 17 LABS AND VITALS &
Duke HOSpItal TREAT T 375 WBC 63
® Met sepsis criteria 10/11 12:17 PM P 67 Lactate 1.9
BP 117/68 MAP 160

‘ SCREEN R 15
UJZ6JWS - Wallace, A - 70 F

HIGH Bed 101 - Admit 10/11 11:22 AM ‘ MONITOR
TUnk- P 65-BP 119/66 - MAP 76 - R 22 [

BUNDLE ITEMS IN PAST 3 HRS B
‘ TREAT v Lactate

5MEV2UI - Pope, F - 80 F

MED  unk Loc - Admit 10/11 11:40 AM
T38.2-P64-BP110/76 - MAP Unk-R 16

Sepsis Watch tabs

There are four Sepsis
Watch tabs. These tabs
are meant to help
organize patients and
prioritize patient care.
We are currently viewing
the “Triage” tab

card

Additional info on
selected patient

When you tap on a
patient card, you can
see more info about

that patient on the
right-hand side of the

screen
63



||||g Duke Institute

for Health Innovation

Build to show value Build to integrate Build to scale ﬂ_

The three failures of implementation

2. Failure to Move

“ Response Tactic to overcome

new path unclear maintain status quo (passive communicate vision and
or overt resistance) path forward....
CONSTANTLY
lack of confidence paralysis show gratitude, support
that change can effort of champions

happen
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The Problem: Struggle with sepsis

The Solution: Sepsis Watch

What is Sepsis Watch?

@ What is the problem? Sepsis @ Where does the problem occur? The ED @ Why are we failing to solve the problem today? Slow, false
alarms
100%  percent of patients who received appropriate Distribution of patients who first met sepsis
care for severe sepsis and septic shock’ criteria by hour during admission
—— Admitted patients (fake) NEWS .
80% : * Only 6.8% of patients
600 Over a 14-month timeframe, We\ l with NEWS, (National
60% 50% 5 8 found that the majority of sepsis Early Wam_mg Score)
° 49% H diagnoses occurred in the ED. Elevated NEWS score BPA had discharge
) 40% ‘g The QOtted outlline shows the diagnosis of sepsis
40% o 400 sepsis _cases_dlagnosed overa 10 l « BPA fired 447
22 /0 239, et hour window: 5 hours before and i /d 49
8 after admission orders are placed BPA acknowledaed or RRT lm_es ay 9n
20% E (“Hour 0”) ac "a"g’t"i:atgz or unique patients/day
I = on average (up to
0% 200 l, ~100x/patient).
Duke Duke Duke North National * 63% of BPAs
University Regional Raleigh [JCarolina average RRT-Sepsis called canceled.
Hospital Hospital Hospital Javerage ICMS 2015 Order set initiated
sepsis data Hour 0 Hour 50 Hour 100
Define adult sepsis at Duke @ Create machine learning model to predict sepsis quickly and @ Design web application to show real-time model results and
accurately track treatment
- Temperature >38°C or <36°C (6 hours) . . .
XL - HR >90 (6 hours) * 42,000+ inpatient encounters analyzed at Duke Hospital  Sepsis Watch Web Application |
SIRS - RR >20 (6 hOUfS) over 14 months’ 21.3% with a SepSiS event. > Sepsis Care Team: RRT nurses and
criteria - WBC count >12, <4, or % bandemia >10% | .« 32+ million data points incorporated: 25 million vital sign e Sopare Watap_reinators il Deep
(24 hours) measurements, 2 million med admins, 5.2 million labs. m L:ﬂarglr:g
ode
,ﬁ;‘:&f:; - Blood culture order (24 hours) * 34 physiological variables (5 vitals, 29 labs). s mpatontrerses mmmmm *
i ) d hospitalists without
—At least one value for each vital in 99% of encounters. asing lam-fatgue.. Epcdata )
- Creatinine >2.0 (24 hours) —Some labs rarely measured (2-4%), most measured 20-
- INR>1.5 (24 hOUFS) o, i to initiate and complete wmmmwmwmm
1 element o A 80 A) Of the time. treatmenronhlgh -risk e0000 000000 o000 o
fend - Total bilirubin >2.0 (24 hours) _ _ patiens asthey entr he wmmmwmwmlﬁ
oren - SBP <90 or decrease in SBP by >40 (6 35 baseline covariates (e.g. age, transfer status,
organ —
failgure hours) comorbidities). Sepsis Watch is a custom-built tool to support identification of
- Platelets <100 (24 hours . . e .. . patients at risk of sepsis in the hospital. Access Sepsis Watch
- Lactate >2 (24 Lours) ) * 10 medication classes (antibiotics, opioids, heparins). App at https:/isepsiswatch.dhe.duke.edu/

For more information, go to Just In Time Learning: https://intranet.dh.duke.edu/hospitals/duh/duhedcouncil/SitePages/Current%20Roll%200uts.aspx
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Sepsis Watch Training Site

“Sepsis Watch: The Complete Guide”

Duke Insitute .
WY i ionovaton i@l = 75 slides lona
Roadmap What is Sepsis Watch?
@ wi @ ‘Where e problem occur? The EL @w
100% Distributior
Whatis Seps|| 2 b s ok [ Aimitedpatens (fake) NEWS
‘ « Only 6.8% of patients
cetioth | | with NEWS (National
et to the poil
AND is quick

Sepsis Watch| 22%
20%
°
Sepsis Watch|| & I
o 0%
Duk Du
Your Sepsis um:e;ny Reg u e e a t
uuuuuuuuuu

Sepsis Watch Feedback Survey

The Problem: Struggle with sepsis
=

= o
NEEE T

The Solution: Sepsis Watch

nEugzo @

This survey is to collect feedback on the Sepsis Watch pilot. It is
divided into two sections. The first section, "General Feedback...’, is
a single question asking for general feedback on the Sepsis
Watch app itself. The second section, "Case-Specific Feedback’,
is a set of three questions asking for information on a specific
scenario where the treatment workflow is breaking down (e.g. a
communication gap).

Sepsis Training Site:
— Complete Guide

— One Pager

— Sepsis Watch Feedback
Survey

— ED & RRT Contact #s
— Process map
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Sepsis Watch Governance

Committee:
— Associate Medical Director,

y Duke Hospital Medicine
£LD i , Program
e e SRR S W e T — Medical Director of the
S L L itd iniatay sha - Eas ssscesis g Analytics Center of
ARasEATT , ey Excellence

— Chief Nursing & Patient Care
Services Officer

— Assoc Chief Nursing Officer
(x3)

— Nurse Manager (RRT)

— Nurse Manager (ED)

— Medical Director, Duke
University Emergency
Department

— Vice President, Emergency
Services and Patient Flow

— DIHI Director

— ED MD

— ED nurse

— RRT nurse
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The three failures of implementation

3. Failure to Finish

“ Response Tactic to overcome

Fatigue Revert to status quo, exit Chart progress, celebrate
any early wins

Unsure if you are Revert to status quo, exit Elicit feedback and use it
“moving the needle” to adjust
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How did we overcome failure to finish? @ o

100%
90%
80%
70%
60%

30%

3 Hr Bundle Compliance Rate

20%
10%

0%
16 1119 1213

Bundle Treatment

‘ Met sepsis criteria at start
of Bundle Treatment

Bundle Compliance - Red and Black Weekly Trend

i alC
40%

1217 12131 1/14 1/28 2/11 2125 3/11 3/25 4/8 4/22

Bubble size (number labeled) = number of total cases (compliance denominator)
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How did we overcome failure to finish? @ o

100%
90%
80%
70%
60%
50%
40%
30%

3 Hr Bundle Compliance Rate

20%
10%

0%
16 1119 1213

Bundle Treatment

‘ Met sepsis criteria at start
of Bundle Treatment

Bundle Compliance - Red and Black Weekly Trend

1217 12131 1/14 1/28 2/11 2125 3/11 3/25 4/8 4/22

Bubble size (number labeled) = number of total cases (compliance denominator)
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How did we overcome failure to finish? @ o

100%
90%
80%
70%
60%
50%
40%
30%

3 Hr Bundle Compliance Rate

20%
10%

0%
16 1119 1213

Bundle Treatment

‘ Met sepsis criteria at start
of Bundle Treatment

Bundle Compliance - Red and Black Weekly Trend

1217 12131 1/14 1/28 2/11 2125 3/11 3/25 4/8 4/22

Bubble size (number labeled) = number of total cases (compliance denominator)
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How did we overcome failure to finish? @ [

Bundle Treatment

‘ Met sepsis criteria at start
of Bundle Treatment

Bundle Compliance - Red and Black Weekly Trend

100%

90%

80%

70%

60%

50%

40%

3 Hr Bundle Compliance Rate

30%

20%

10%

0%
11/5 11/19 12/3 12/17 12/31 1/14 1/28 2/11 2/25 3/11 3/25 4/8 4/22
Bubble size (number labeled) = number of total cases (compliance denominator)
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Feb 2019: Sepsis Watch App Updates

All from RRT nurse feedback: pe—
. 1M7FLX7 - De Santis, D - 66 F
=  |mproved commenting on sgp  Unit14-Bed 783 MONITOR
. Admit 5/16 12:10 PM TREAT
Patient Cards  m————
= Manual ChECk bOXGS On SepSIS check on lactate lab value SUBMIT
Bundle Tab @ Met sepsis criteria 5/16 12:24 PM

= Sorting patients down page who
already had bundle administered

74



|l||g Duke Institute

for Health Innovation

Build to show value Build to integrate Build to scale ﬂ_

SEP 1 Bundle Compliance Trend at Duke

100% -

90% -

80% -

70% -

60% -

50% -

40% -

30% -

20% -

10% -

0%

60% 667

50% r—

39%

37%

0/08%

Q1, Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q, Q2 Q3 Q4 Q1,
2016 2016 2016 2016 2017 2017 2017 2017 2018 2018 2018 2018 2019

A

Sepsis Watch Go Live
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From Models to
Bedside
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Number of Data Science Projects

Year
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Project Timelines

N
. : NS NN © N NS N N N AN AN ¢ S N
Sepsis Project Workflow & & §F ¥ ¢ & & ¢ & & ¢ ¢ Y ¢
Data Dump | e 1: g 2 2 6 6 W $s s”
Data Cleaning, Iterative Pulls, & Validation |
Model Development |
Ul Prototyping |
Evaluation Planning |
Offline Testing |
\ Go Live Y,
a a a o
Data Processing Model Building Implementation
+ Cleaning scripts for medications data + Function to define time of clinical event « User Interface Software
+ Cleaning scripts for labs data + Financial Model Evaluation Software
« Cleaning scripts for diagnoses data <+ Deep Learning Model Simulation Software
« Data dictionary of variables Real-time inpatient data feeds

« Curated DUH inpatient data set

Credit: Nathan Brajer 79
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Project Timelines

- i N N S T N s S S X N AN S SR
Sepsis Project Workflow R SR N I A I G A S A S A SR N A
DataDump | [
Data Cleaning, Iterative Pulls, & Validation | [ ]
Model Development | I
Ul Prototyping |
Evaluation Planning |
Offline Testing |
\ Go Live
a a a o
Data Processing Model Building Implementation
+ Cleaning scripts for medications data + Function to define time of clinical event « User Interface Software
+ Cleaning scripts for labs data + Financial Model Evaluation Software
« Cleaning scripts for diagnoses data <+ Deep Learning Model Simulation Software
« Data dictionary of variables Real-time inpatient data feeds

« Curated DUH inpatient data set

Credit: Nathan Brajer 80
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Scale our Reach
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Duke Raleigh Hospital

82
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Duke University Hospital

Duke Raleigh Hospital
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3 Major Parts

&

docker N
"\

BRaboIt
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Isolated, Replaceable Parts

Containerized Software
Disposability

Version Controlled, Codified
Container Definitions

Operating System Agnostic docker

Build it once, ship it anywhere

Control of Environment!

1.6 0 : 11
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Run Code, With Code

- Python-ized list of instructions
(DAGS)
To-do lists
- Version Controlled
- Easily modified

- Robust Monitoring

- - Web Interface
DAGs B control of

. (:' mc ;:m L‘:::IS Aecent Tasks @ Last Aun © DAG Runs © exe C u t i O n

o B e | airtow O] e @

¢ B ¢ ons | ® €3

¢ B ¢ =3 ® o (]

c B [baeme | O] € =

et = 2

SEE - BOOOO -6 Control of Code!
¢ BY = o= © 00 © ® ©

E - | vgase=] ) s 0 e G
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24 Model runs per day (qlh)
1 Quality Control log scan (g24h)
1 Log cleanup job (prn)

Photo by on


https://unsplash.com/@guibolduc?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
https://unsplash.com/search/photos/container?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
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With hundreds of simultaneous tasks. How do we prevent:
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With hundreds of simultaneous tasks. How do we prevent:
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Queues!



https://www.sfchronicle.com/bayarea/article/Toll-plazas-removed-bay-area-bridges-bay-golden-13392955.php

|l||g Duke Institute
for Health Innovation

Message Queues!

for Resilience & ...More Isolation

Holds tasks until resources are available
to complete them

Lets Airflow schedule tasks to specific
queues.

Workers assigned to queues based on
the code they can run

Schedule 100s of tasks and run them 4-5
at a time.

Enables Scaling through Adding
Workers

Build to show value Build to integrate Build to scale ﬂ_

BRaboIt

Control of Workload!
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Putting it All Together

G m tch- m airflow @
G m] = airflow @
A
1
Im==—————- @ Airflow Webapp
\/
(n
[ -t - Task Scheduler ---E
(| :

AirflowDB v

(Task Tnager) @ TaskQueue

XAILW2 - Wade, K - 80 F

HIGH Bed 555 - Admit 7/17 0924AM
TUnk- P69 -BP /71 -R18

od
od N
1 ® Fluids * Lactate 2x
L]
* Lactate Vasopressors

* Vol assess

* Blood Cult
Webapp Antibiotics  ® Antibiotics
WBC 6.2 Lactate: 19

Model Output
DB

. ("

(n .

I —— @ Data Extraction —> @ Data Cleaning —> I Model Run
Chronicles

(Streamed EHR)

'Cleaned' Data
DB
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Together at Scale

Common structure used for

& = 8 everything
G m m airflow
A How do | add a new model?
1
--------- @ Airflow Webapp
\/
(n |
[ - - @ Task Scheduler
[ i
A \/
AirflowDB
(Task Manager) @ TaskQueue
A .
\/
(m (.|
(m (.|
Ol ———> @ Data Extraction —> DataCleaning — rmmm —
Chronicles | 'Cleaned' Data
(Streamed EHR) DB
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Together at Scale

Common structure used for

© & = O everything
G airflow
L ':: © How do | add a new model?
--------- > @ Airflow Webapp « New DAG / execution task list
\  Maybe a new Message queue?
iner?
o = @ Tack Soheduler  Maybe a new Worker Container?
[ i
_ \/
(Taéll:fli/loggger)
‘ @ TaskQueue
\/
O [
O [
Dl — @ Data Extraction —> DataCleaning — rmmm —
Chronicles ‘Cleaned' Data
(Streamed EHR) DB
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Together at Scale

Build to show value Build to integrate Build to scale ﬂ_

Common structure used for

© & = © everything
G airflow
= c: © How do | add a new model?
--------- > @ Airflow Webapp « New Model Output Database
\ o All Codified, Version Controlled and
- _ @ Task Scheduler Trivial to build up and tear down
- Y —
AirflowDB o -¢--------
(Task Manager) @ TaskQueue (s | @ Model Output
+ . Model Output
________________ : DB
\/
I [
I [
Ol ———> @ Data Extraction —> @ DataCleaning — mmmm ———> Model Run

Chronicles
(Streamed EHR)

‘Cleaned’ Data
DB
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Sepsis DAGs:
1728 fetch + clean tasks per day (g5m)
288 Clinical heuristic runs per day (g5m)
24 Model runs per day (qlh)
1 Quality Control log scan (g24h)
1 Log cleanup job (prn)

Photo by on


https://unsplash.com/@guibolduc?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
https://unsplash.com/search/photos/container?utm_source=unsplash&utm_medium=referral&utm_content=creditCopyText
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- 1728 fetch + clean tasks per day (q5m) = w&s
. 288 Clinical heuristic runs per day (g5m) &l &
. 24 Model runs per day (g1h) Ty

1 Quality Control log scan (g24h)
1 Log cleanup job (prn)
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Prepared to scale:

Hyperglycemia Adult
Decompensation

Inpatient Pediatric

Mortality Decompensation
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Challenges in Implementation
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Research Code is not Production Code
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Code Reviews / Unit Testing / Integration Testing

- Keep users in mind
Sepsis: Nurses see more risk scores than anyone
- Build confidence
If your model doesn’t break, people are more likely to trust future implementations

- Instituted a policy for code reviews and testing
The more eyes, the better

Review process

Code
review Merge
—> pull
request
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The EHR is not static (or clean)
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Blood Cultures Disappeared!

Blood Culture Component Name Trends Over Time

COMPONENT_NAME
COMMENT
CULTPOSNEG
« CULTURE AFE BLOOD (BXR)
* CULTURE BLOOD (BKR
CULTURE FUNGUS, BLODD (BKR)
* ORGANESM

PHONE REPORT

with Each Companent Name

Number of Blood Cultures

REPORT

Month of Blood Cultures

Blood Culture Order Descripton Trends Over Time

ORDER_DESC
CULTURE BLOOD
CULTURE, BLOOD
CULTURE, FUNGUS, BLOOD

CULTURE, MYCOBACTERIA. BLOOD

with Each Order Description

Numbear of Blood Cultures

Month of Blood Cultures 1 06
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Input Monitoring

Click a tab below to see information regarding daily and weekly statistics!

Encounter Height & Sepsis Risk Scores Analytes Medications Vitals Blood
Weight Events Cultures
@, S il

| Vitals Daily Count

blood_pressure

4000 — —
- i /\ pulse
> \ _—\*--_--"X A / \"\ ‘\‘ pulse_oximetry
~— — / — N M .
~ , \\‘//’\* Y . r_duhs_Ip_supplemental_oxygen

r_duhs_level_of consciousness

r_oxygen_device

respirations
temperature

unne_output

Date
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System Status

Most Recent Analyte Most Recent Risk Score Most Recent Encounter Meeting
Sepsis Definition

September 27 2018 at 03:08 AM EDT-0400

September 27 2018 at 10:34 AM EDT-0400 September 27 2018 at 10:02 AM EDT-0400

Most Recent Med Admin Most Recent Blood Culture
September 27 2018 at 10:39 AM EDT-0400 September 27 2018 at 09:47 AM EDT-0400

Most Recent Vital Most Recent Encounter Start

September 27 2018 at 10:37 AM EDT-0400 September 27 2018 at 10:38 AM EDT-0400
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Entity Resolution

Test_Name
CREA 1.  §
CREA BLD Al
CREA NT ‘
CREA-WB |
CREAT I-STAT
- CREAT-WB
= Creatinine
*- CREATININE
* Creatinine - Labcorp
*— Creatinine - LabCorp
Creatinine (mg/mL) Jaffe
= Creatinine |-Stat

Creatinine Whole Blood

DUAP CREA
DUAP CREATININE
ICRE '\
POC Creatinine Iy
POC-CREA

)

L[]

J-"’— 1

. ﬁ"'
Mw 1 LRLELEE
1996 I — ————— = 2015
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Unit Conversion

VITAL_NAME VALUE UNIT
DUHS WEIGHT 304 Oz
AFTER

BREASTFEEDING

DUHS_WEIGHT 205 Ib

R WEIGHT SCALE 60 kg

R WEIGHT SCALE 100 Ib

Build to show value Build to integrate Build to scale ﬂ_
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Keeping Track of Models and their Metrics
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Tracking Model Versions / Performance

fj')fclm-m«u nf x(vu_ﬂﬂ T cante oner fu’f{ el )' Jear -1620-

H Lnel)ncrr_ ylfc[ffniofqi -fﬁc'ﬁr{?ﬁ”g‘ evs, qrik
M o e M a n I ests (Fn afort) e I’vumln.{mm of ad"![c d"'anfz:t’ vong an{-
Lo u‘ﬂ t.E . FTemw =5 3[.171:! [And /ﬁ- armiiics -
3 ok aruer. «f caphin ntyles }:’ and(k
Rethvine Ais mife- "L w{xfeﬁs sife
‘q Defive prinfer; € i

- All models write to their own i | ,“;i,;; w
s g
tables gt fevuerk co B

1,

cm! Mjgcv Wlare o [ a9 ,,.rmm ."nfxl and Ais
[ L] s }. c.'\)fY',._c ten
- A model manifest must contain P il Frontr | el peins i o

Tavy fie arfe, i t'ﬁ | \1! C u“’u’
e {n.r T e ny l?ﬂ(‘ ' g r———

& meve _,c| @, ',&t Ling- ,m M fﬂ}'m,ﬂ ],m!g am[

version numbers, input data

A
i’z_‘:ﬂ;:u;'}hs 3"‘{‘2’2‘:? v’ﬂ;‘,ﬁ?; G- L.-:{.:;‘ﬂ;tﬁs ’:rt ta.:f : 1e £o ov e 74
I Irl f wwere Feff Lehind g came | s & (s eﬁr&(cafdijm;ru/u'ﬂ
re q u I re e ntS’ St ru Ct u re O a 7:t d_vjrj.—h.i‘s - Ty ':[:I.J'.L!:-::ﬁu;oig:t’:’\ e 't).'-.u':( Tu"’ie/»*[)o

"' "‘ngwx ! l;l' =

. | | = e L S o
inputs, etc. 2o e

S geovy 5"7 fe, ﬂ-”{

il ’trul caled q1 les, Dfu!

C o075y, uu!u 1 dov «_zf!m- Bothi

1‘] '(_j»armu ?.'.‘Lt!u' And 2. wote
By £his mfe, e aled D amaris,c

uq E’on alfe a fille f

- All model metadata is kept with a,

.‘.': st ro—»j\?ta.wf
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& = (gmy:& ;’/ciﬁf ut&Sbok; at
model results e b et i
|
|

Dc rnfw Arg nllt Ao f-.{?;-;u',{ 'Dr-{j',m:.f -‘:,,»{-m.u-d [:'{}E‘l-r
-.—! ane L-}urf a faﬂf_ 'ﬁtﬁ' — B R RN L ——
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112



|l||g Duke Institute

for Health Innovation

Metrics Tracking

Continuous Performance Evaluation
Outcome distribution remains
relatively static

Can directly compare multiple
models against each other

Build to show value Build to integrate Build to scale ﬂ_
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Where does this leave us?

If you are developing a new model:

Can leverage existing production-ready code to build your features
Use existing cleaned data (conversion of units, grouping into clinical
concepts)

Once you are done fitting the model:

Generate a model manifest
Create a container to run the model
Request code review
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Once your model is running...

- Collect metrics as it runs in silent mode (Real-time / Scheduled)
- Work with clinical team to pilot implementation
- Make results available to dashboards

- Evaluate!
[on | [ore | ®
[on | [one O)
4
--------- >@Airfl w Webapp
v
(n ]
e @ Task Schedul
(n ]
v
AirflowDB e <o -
(Task Manager ) @ TaskQueue C— @ Model Output
‘ Model Output
________________ DB
\ 4

Chronicles
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Models currently in production

Sepsis Watch

Several posters at this conference!
Inpatient and 30-day mortality

Steroid-induced hyperglycemia
Cardiogenic Shock risk prediction

More to come!
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DIHI’s Guiding Principles

Build to show value Build to integrate Build to scale

Build Responsibly
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Our Vision =

We are all here for the same reason

We believe that we can build systems and frameworks that
enable true innovation

Thoughtful machine learning solutions will be ubiquitous

We will help to improve:
Patient Experience and Outcomes
Population Health
Cost of care
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Thank you!
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