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Housekeeping: Steps for

JOining the Meeting ::i“!:pm - ﬂn‘“_HH_'_“-.:-:-:mMz-rtr.-;
1. You can join via phone or computer to participa

access audio. Please keep yourself

muted to avoid background noise — . 9,
and turn off your webcam. ‘s - b
2. Please ensure that you list your full e B B
name by hovering over your name on
v Participants (1)

the participant list, clicking “More” and

clicking “Rename.” This is important so u : -
Shivam ... (Host, me) BRGNS

we know who you are.

3. If you have questions during the
meeting, please send them via the chat
box on your Zoom dashboard, which

will be monitored by the meeting
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Housekeeping cont.

e How to use active speaker view

o Toview speaker’s video as a large Active
Speaker panel, click the Active Speaker Panel
icon above the video panel.

e How to pin video Stop Video

Chat

o At the top of your screen, hover over the
three dots on the video of the speaker you T
want to pin and click Pin Video Spotlght Video

Make Host

Rename

Remove

Report...

—
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Project Background

* Partnership: National Academy of Medicine
(NAM) & Office of the National Coordinator for
Health IT (ONC)

* Aim: To reflect on the current CDS environment,
then identify potential approaches &
recommend practical strategies for improving
CDS practices and adoption

* Leadership: External Planning Committee
e Deliverable: Special NAM Publication (Nov 2017)



Planning Committee Members

* James Tcheng, Duke * Meredith Josephs, Privia
University (Chair) Health

e Suzanne Bakken, Columbia ¢ Edwin A. Lomotan, AHRQ
University * Erin Mackay, National

* David Bates, Brigham and Partnership for Women &
Women’s Hospital Families

* Hugh Bonner lll, Saint * Jonathan Teich, Harvard
Francis Hospital University

* Tejal Gandhi, National e Scott Weingarten, Cedars-

Patient Safety Foundation Sinai Health System



Developing Priorities for Action

* QOver the course of the project, a comprehensive key set of
actions was identified. Participants prioritized the following
actions for optimizing strategies for CDS adoption and use,
offered actionable collaborative steps that could be
initiated over the next 5 years.

* These actions will require commitment by multiple
stakeholders and are intended to move forward the
discussion in a way that complements and enhances clinical
practice.
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Workgroups

James Tcheng, MD

Kensaku Kawamoto, MD,
PhD, MHS

Scott Weingarten, MD,
MPH

Blackford Middleton, MD,
MPH, MS

Jonathan Teich,
MD, PhD

James Tcheng, MD

Professor, Duke University
Chair, NAM Planning Committee

Associate CMIO, Univ. of Utah

SVP & Chief Clinical Trans-formation
Officer, Cedars-Sinai

Chief Informatics & Innovation Officer,
Apervita, Inc.

Dept. Med. & Emergency Med.
Brigham & Women's / Harvard

Professor, Duke University
Chair, NAM Planning Committee

Overview of National Academy of Medicine
(NAM) CDS initiative

Strategies for CDS content

Strategies for CDS implementation
Strategies for CDS dissemination

Strategies for CDS operations

Cross-cutting recommendations



Priorities for Action

1. Establish Clinical Decision Support (CDS) technical standards.

* Develop coordinated activities to stand up standard intervention
templates, methods, artifacts, and intervention repositories.

* Develop a standard set of each of the core CDS operational elements such
as EHR trigger points, action items, and supporting data [leveraging
existing work such as the 2012 NQF Expert Panel report and existing HL7
standards] to increase predictability of the EHR environment.

» Establish repeatable conventions [e.g., FHIR resources, APIs] to pass data
and context/situational info from the EHR to the CDS and to accept
recommendations from the CDS back to the EHR.

e Stand up an entity of appropriate stakeholders to resolve governance
issues and drive EHR vendor acceptance for support of CDS standards.

THE LEARMIMC




Priorities for Action

* Develop, test, establish, validate, and apply standards
— Establish CDS technical standards

— Provide federal funding for CDS standards management
— Create a CDS technical information resource

* Encourage adoption, use & assessment at the delivery system level
— Disseminate best practices
— Create a national CDS repository network
— Measure CDS usage
— Develop tools to assess CDS efficacy
— Publish performance evaluations
— Leverage meaningful financing and measurement incentives
— Market CDS to stakeholders

* Establish a national CDS infrastructure
— Create a CDS legal framework
— Develop a multi-stakeholder CDS learning community to inform usability
— Establish a federal investment program in CDS research
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Optimizing Strategies for Clinical Decision Support
| Summary of a Meeting Series

https://nam.edu/optimizing-strategies-clinical-decision-support/

Optimizing Strategies for

CLINICAL
DECISION

SUPPORT

A Spacial Publication of e
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AGENCY FOR HEALTHCARE RESEARCH AND QUALITY

Interoperable CDS to Support Dissemination and
Implementation of New Clinical Knowledge:
Evidence from Two Pain Management Projects

Roland Gamache, PhD, MBA, FAMIA, Staff Fellow, Division of Digital Healthcare Research, AHRQ
Kristen E. Miller, DrPH, CPPS, National Center for Human Factors in Healthcare, MedStar Health
Joshua E. Richardson PhD, MS, MLIS, RTI International



Welcome and AHRQ Perspective — Roland Gamache, PhD, MBA, FAMIA

Clinical Decision Support (CDS) for Chronic Pain Management — Kristen Miller,
DrPH, CPPS

Shareable Clinical Decision Support for Chronic Pain Management to Promote
Shared Decision-Making (CDS4CPM) — Joshua Richardson, PhD, MS, MLIS

Summary

Question and Answer Session

13



AHRQ’s Introduction to the Shareable Clinical Decision
Support Pain Management Projects
Roland Gamache, PhD, MBA, FAMIA



AHRQ Clinical Decision Support

Advancing evidence into practice through CDS and making CDS
more shareable, standards-based and publicly- available

'\/ @y |

Engaging a Creating prototype Advancing CDS
infrastructure for

Evaluating the
stakeholder through grant-

: sharing CDS5 and overall
community developing CDS funded research initiative

2 AHRQ AHRa

https://cds.ahrq.gov
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Vision for the Future

Advanced analytic techniques:
Artificial intelligence

- Natural language processing

- Machine learning

* Clinical &
Contextual ‘
. Patient- \
generated \
Advanced
Analytics
» Guidelines

Bi dical Relevant
LIERISEIN  research

JUEIELEER  findings

Needs to be (. Findable A
computable » Accessible
and FAIR! * Interoperable
.’ Reusable Y, 16




Pain Management Contract Aims

The purpose is to develop, implement, disseminate, and evaluate CDS for both patients
and clinicians in the area of chronic pain management

AHRQ developed and generated interest in CDS that:
® Is interoperable and publicly-shareable

®* Meets the needs of both patients and clinicians
» Through both

— patient-facing channels and formats

— clinician-facing channels and formats
® Has demonstrable impact

» Can be evaluated using appropriate measures and outcomes

» Share lessons learned through presentations and publications

17



Brief Introduction to the Individual Projects

MedStar
® Focus on non-pain management specialists in primary care

® Optimizing pain therapy and support opioid-dose reductions

RTI
® Develop, implement, and disseminate two types of FHIR-based CDS for chronic

pain management in primary care and pain clinics

18



Clinical Decision Support (CDS)
for Chronic Pain Management

11 dStar Health Principal Investigators: Kristen Miller, DrPH

National Center.fm* & Aaron Zachary Hettinger, MD, MS
Human Factors in Healthcare Project Managers: Robin Littlejohn, MS & Christopher Washington, MA

MedStar Team Members: Jim Houston, MD, Elias Shaya, MD, Peter Basch, MD,
Bonnie Levin, PharmD, MBA, FASHP, Kathryn Walker, PharmD,

Ella Franklin, MSN, RN, Long La, PharmD, Sidd Nambiar, PhD,

Joseph Blumenthal, Shrey Mathur, MS, Shrenik Shah, MS, John Erkus,

Peter Kuehl, MD, Deliya Wesley, MPH, PhD, Sadaf Kazi, PhD, Kelly Smith, PhD,
Nawar Shara, PhD, Ronald Romero Barrientos, Christian Boxley, Deanna Busog

Development Team: Perk Health
Collaborators: Georgetown University Medical Center, George Washington University, IMPAQ Int.

Consultants: Alan Staples, Il, CRCR, Ross Teague, PhD, Ranit Mishori, MD, MH

e
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=== MedStar Healch
National Center for
Human Factors in Healthcare

Opioid Tapering

» Liberal prescribing of opioids for chronic pain has acute and
chronic problems for patients on long term opioid therapy

* Long-term opioid use: physical dependence, constipation and
nausea, fatigue, depression...

« Patients may be reluctant to taper fearing increased pain and
withdrawal symptoms: vomiting, hallucination, tremors...

« Clinicians must assess and weigh risks versus benefits to decide
whether tapering is indicated

« Tapering plans should be individualized and should minimize
symptoms of opioid withdrawal while maximizing pain treatment
with nonpharmacologic therapies and nonopioid medications

* Barriers include challenging and exhausting communications,
inadequate resources, and lack of training

e
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=== MedStar Healch
National Center for
Human Factors in Healthcare

Task Overview

*  Goal: Optimize pain therapy and support opioid-dose reductions
* Clinician-facing CDS
» Provide personalized evidence-based guidelines to support opioid tapering

» Optimize presentation of patient generated and electronic health record data

« Patient-facing CDS

» Track and manage pain and daily function to support reduced opioid use

» Support continued patient engagement including education and resources

- Implementation and Evaluation

e
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=== MedStar Healch
National Center for
Human Factors in Healthcare

Application of Human Factors Engineering Methods

Multi-Disciplinary Research Workgroups

» EXperts in pain management, behavioral science, patient reported outcomes, health
IT, clinical medicine including chronic pain management, human factors engineering

Stakeholder Interviews
» Patients with chronic pain; family members of patients with chronic pain
» Primary care providers; pain management specialists

» Health IT developers focused on patient-facing and clinician-facing technologies

Design Workshops

Usability Testing

e
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=== MedStar Healch
National Center for
Human Factors in Healthcare

Application Flow
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Initial Visit 2. Support Continued Patient Engagement Follow-Up Visit

[

Home Experience 1

1. Track and Manage Pain and Daily Function

1. Introduce a Taper
2. Set Taper Parameters
3. Confirm Medication Plan

. Review Patient-Reported Data
2. Update Medication Plan

e

@MedicalHFE www.MedicalHFE.org




S0 MedStar Health laper App Help & Guidelines

National Center for

Human Factors in Healthcare
Create Taper

Patient Context

O Patient Context How to use Taper App - Placeholder

Current Opioid Medications

. Oxycodone ER 40mg, 40mg PO Q12hrs 80 mg (120 MM 1. Use this tool to create a guidelines based opioid
O Taper Settings - - - 9 B reduction, non-opioid pain plan, and withdrawal support
Oxycodone IR 5mg, 5mg PO Q4 hours 30 mg (45 MME) plan for next taper interval.
(O Opioid Taper Plan Total 165 MME
(O Non-Opioid Plan
PDMP 2. Collect relevent Patient Reported Outcomes from the
patient app.

O Patient App (5/2/20) oxycodone ER 40mg, Q12 hours PO, 60 tablets
(5/2/20) oxycodone IR 5mg, Q4 hours PO, 60 tablets, 180 tablets
(5/2/20) oxycodone ER 40mg, Q12 hours PO, 60 tablets

(5/2/20) oxycodone IR 5mg, Q4 hours PO, 60 tablets, 180 tablets Patient App - Placeholder
(5/2/20) oxycodone ER 40mg, Q12 hours PO, 60 tablets Placeholder for ...PROMIS Measures

(5/2/20) oxycodone IR 5mg, Q4 hours PO, 60 tablets, 180 tablets S —
Controlled Substance Agreement Last updated 10/27/19 Patient Education
Last Urine Toxicology: Positive for Marijuana: 2/15/20 Detalls

|
at I e n t Other Current Medications
Taper Guidelines - Placeholder

ibuprofen 800mg Q8hrs PO PRN Pain

D a t a metoclopramide 10mg Q6hrs PO PRN Nausea

Social History

creen

Current Relevant Diagnosis

Flaceholder for ...links to VA/GDC

Chronic Pain, Diabetes

@MedicalHFE www.MedicalHFE.org




— e daca s priin Laper App Help & Guidelines
National Center for
Human Factors in Healthcare

Create Taper
E— Opioid Taper Plan

} Starting 6/8/2020, for following 4 Weeks
(% Patient Context

(& Taper Settings Oxycodone (ER)
O Opioid Taper Plan 30 = ! tabs L v X Yourplan
18%
(O Non-Opioid Plan 30 MME Reduction
Your Plan: 60 mg (90 MME) - 30mg, 30mg PO Q12hrs
O Patient App For Slow Taper: 74.5 mg (112 MME)
D Accept Plan For Slow Taper

5%

Mot Tapering Yet i
8 MME Reduction

Oxycodons (%)

5 mg v 1 tabs Q4h W X

Previous

165MME /day
Your Plan: 5mg Q4 hours - 30 mg (45 MME) / day
QOxycodone IR 5mg, 5mg PO Q4 hours

re ate a ror slow Taper 56 Mg (49 B Total: 30 mg (45 MME) / day
(O Accept Plan Oxycodone ER 40mg, 40mg PO Q12hrs
Total: 80 mg (120 MME) / day

@MedicalHFE www.MedicalHFE.org




= MedStar Health 'l'ui.l{‘l' .\pp Help & Guidelines

National Center for
Create Taper

Human Factors in Healthcare
@ Patient Context

Medications i Lo bov A L4 Activities
(% Taper Settings For Pai
2 or Fain
For Pain
vy Opioid Taper Plan
SRS Dosing Guidelin Ord Ao o
T Lo e el Active Options Patient App Refer
() Non-Opioid Plan NSAIDS D Physical Activity D D
Acetaminophen O hi
(O Patient App ; : Stretching O O
Gabapentin/pregabalin D Yoga G G
Tri i tid ts
a:_llzyc et Lot e D Physical Therapy CI D
seratonin/
norephinephrine Psychotherapy (e.g CBT) D D
reuptake inhibitors
y Add to
Topical agents O Passive Options Patient App Refer

(lidocaine, capsaicin,
NSAIDs) Acupuncture D D

| |
Non-Opioid 0 ©
For Withdrawal Message Therapy O O
|
P a I n Dosing Guidelines Order
Autonomic symptoms (sweating, tachycardia, myoclonus)

Clonidine 0.1 = 0.2 mg oral Q6-8h

Screen

Baclofen

Gabapentin

00000

Tizanidine

Anxiety, dysphoria, lacrimation, rhinorrhea

@MedicalHFE www.MedicalHFE.org




=== MedStar Healch
National Center for
Human Factors in Healthcare

Application Flow
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Initial Visit 2. Support Continued Patient Engagement Follow-Up Visit

[

Home Experience 1

1. Track and Manage Pain and Daily Function

1. Introduce a Taper
2. Set Taper Parameters
3. Confirm Medication Plan

. Review Patient-Reported Data
2. Update Medication Plan

e
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==

MedStar Health

National Center for
Human Factors in Healthcare

Good Morning,
Mary

Weekly Pain Assessment

Your doctor would like you to
answer some questions about
your pain.

It should take less than 2 minutes to
complete.

atient
ome
creen

Welcome! 7,

This app will help you
I | | Track your pain over time

] Automatically report your weekly
pain scores to your doctor

“ Track your daily medication and
other activiteis that impact your
pain.

Pain Intensity

Pain Interference
71High

New Daily Pain Score

MOM TUE WED THU FRI SAT SUN

You've sucessfully reduced your
pain medication by 10%

home

home @

Medication Change ®
Comming Up

In 4 days your medication is
scheduled to change

View Change

Your pain was higher than normal last
week. What was different?

Complete Journal

{5 Your average pain is 2 points

lavsime e P L TR T LT

@MedicalHFE

www.MedicalHFE.org




=== MedStar Healch
National Center for
Human Factors in Healthcare

PROMIS

Adult Item Bank: e.g. from Pain Interference

In ihie pasi 7 days...

Sk i all A MM Bomew hawi  Dhlie o b Very mich

How difficub was il for vou 1o take in nevw ] o [m| ] |
imformation because of pain? ... ... 1 1 1 1 ]
How musch did pain interfone with your o o m| o |
enjoymsenl ol BRe? e [ 1 1 1 ]

How musch did pal
1o parti<ipate 1 Iy

PROMIS

perssielaenl - Adult Item Bank: e.g. from Pain Intensity

Pliies Fespamil bo cach item by miarking one box per fow,

How misch did pal Tnd n Yary
1 eonesmirate ... Im the past 7 ddays... pais NER Vederaie [— SEVERE

Hew imense was yous pain s s vworst™ m] ] I:.I |I] [m]

How musch did pal How inlensg was your average pams! ] u] q q ]

day sctivitics? .

" Yery
I‘-un.lil- L1 Wlsderale Brvere wyTe

[u] [&] [n] [§] [&]

Wheat s vour kevel of pan right now?
How musch did pal

In The Past 7 |]::_x Srre

How much did pain
interfere with your
day to day activities?

Mot At All

A little Bit
Somewhat
Quite A Bit

Very Much

In The Past 7 Days...

How much did pain
interfere with your
ability to participate
in social activities?

Mot At All
A little Bit
Somewhat
Quite A Bit

Very Much

In The Past 7 Davs...

How intense was
your pain at its
worst?

Had Mo Pain
Mild
Moderate
Savera

Very Severe

enpoymwnd of rec

www.MedicalHFE.org

@MedicalHFE



=== MedStar Healch
National Center for
Human Factors in Healthcare

e &
Results .

Pain Intensity R " E

How strong your pain is.

Take Notice

What 1o expect Resources for
i a taper Social Suppor Your recent Pain intcﬂﬁit}’
score is 10 points worse than
) your baseline score.
My History
Thank Y{)u! This could be a significant
n — change.
» 70 My Pain View (3
Your weekly pain scores have ) Pl id tacti
been recorded for your doctor orai c':'_’;'-"" i" el
to review at your next visit. your provider i your pain Is:
Pain Interference * Unexplained
The amount your pain impacts your * Uncontrolled
dialy life. & In a new spol
My Activities View (3} * Foals different (stabbing vs aching)
SEUE re * Or, if you have concerns

Physical Therapy

@MedicalHFE

www.MedicalHFE.org



=== MedStar Healch
National Center for
Human Factors in Healthcare

'l"(](la}-’

My Pain Journal
Monday, April 18

10 Worst Pain
Imaginable

- @

4] Mo Pain

dl| ‘udu}'

My Pain Journal
Saturday, April 18

7/10

What did you do today?
Added by your clinician

Physical Therapy
Take Acetaminophen

Cognitive Behavioral
Therapy

Other

Body Map

Done

X Pain History

@ April

]I.r:l_x Jourmal

MOM TUE WED THU FRI SAT SUM

Basdy Ml i

Tod ay

My Pain Journal
Saturday, April 18

Other

Body Map

Patient
Engagement

e
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=== MedStar Healch
National Center for
Human Factors in Healthcare

Application Flow

& 1’ &
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Initial Visit 2. Support Continued Patient Engagement Follow-Up Visit

[

Home Experience 1

1. Track and Manage Pain and Daily Function

1. Introduce a Taper
2. Set Taper Parameters
3. Confirm Medication Plan

. Review Patient-Reported Data
2. Update Medication Plan

e
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= MedStar Healch v
National Center for Taper App Home

Human Factors in Healthcare

Upcoming
Change

Ghange in Oploid Taper Plan
schadubed 10 start 7712020

() Tapering Guidelines

(& About PROMIS Measures

Provider
Dashboard

- Taper History
- Opioid Plan Summaries
- Patient Reported Data

@MedicalHFE

Patient Context Taper Sattings Opioid Taper Plan
Taper History
Tatal BMME
Topor Staet 1/22/ 3020
Saarling Doss 135 MME
Fain Intensity Bassines 65

: Pain Intensity 0=100
Pain Inferleronce Baseling 65

Slow Taper  13.5 MME (10%) Pain Interference 0-100

Irterval Evary 4 Waehks B

Pain 0-10

a2 48 416

Opioid Plan Summaries

Update: Opioid Taper Plan View Summary (3)
Start: 5/%6 End: 67
11% MME Reduction

Added Reglan

Start: Opioid Taper Plan View Summary (%)
Start: 58 End: &7
Salected Slow Taper (5% avery 4 weaks)

13% MME Reduction

4125 52 54

Mon-Optioid Plan Patient App

516 525

Patient Reported Data

PROMIS Pain Intengity: 88
PROMIS Pain Intirfirends: B5
Physical Therapy: Logged 2 times

PROMIS Pain Intensity Scone incresed 4 points to 68 on 4/25.
This is significantly above baseling (64).

PROMIS Pain Intensity: 68
PROMIS Pain Interference: 65
Physical Therapy: Logged 2 times

e

www.MedicalHFE.org



=== MedStar Healch
National Center for
Human Factors in Healthcare

Implementation

6 29 3 Phase Roll-Out Acthitee el

app

Monday, June 2 * February, March, April 2021
"1 . 15 Individual Primary Care Sites
« Small to large sites
« MedStar Health
 CAPRICORN network
« George Washington University
« 3 Different Electronic Health Record Vendors

« Cerner, Nextgen, Allscripts

e
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=== MedStar Healch
National Center for
Human Factors in Healthcare

Challenges to Date & Anticipated Challenges

Ethical, legal, policy challenges
« Escalation protocol
« Legal liability
« Security of patient-facing applications (HIPAA)
Technical challenges
« Local EHR customizations required for vendor sites that have not adopted current FHIR standards

* Not all the desired data can easily and consistently be found in the FHIR resources (or may be
documented in multiple places)

- Varying EHR vendor whitelisting requirements for applications

e

@MedicalHFE www.MedicalHFE.org
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Aim to Use CDS that Promotes Shared Decision-Making (SDM)

PainManager Dashboard

MyPAIN for Chronic Pain
*  Results from MyPAIN to

»  PROM based Pain Assessment
«  Non-Opioid Treatment Options ‘
» Information on Opioids

*  Pre-visitassessment
Questionnaire

* Historical Treatments and
Risk conditions

+  PDMPdata

*  Structure note Generation

patient patient provider for SDM

m E facilitate SDM
* Pertinent Patient History

A. Communicate B. Educate C. Preferences D. Discuss and E. Evaluate

sSeekyourpatient's sProvide details on sCollectyourpatient's Decide eEvaluate yourpatient's
participation treatment options values and preferences «Discuss options and decision
decide with your patient




Overall System Architecture

TRIGGER Generates

— o message

Patient visit is

scheduled §

phenotype

o . * Patient receives an email

Receives message invitation to access MyPAIN
. __%and launches MyPAIN - « Patient accesses SDM

resources via MyPAIN

* Patient records PROs via
MyPAIN to prepare for SDM

* Patient and clinician meet to
engage in SDM encounter and
Results of SDM decide on a treatment plan
are saved to EHR

PainManager

* Clinician/health system collects

o . . o and reviews data on decision(s)
via PainManager

Clinician Invokes m -

PainManager




EHR Interactivity Achieved via a “FHIR Fagade’

1.

EHR Portal
Invitation

Clinician
[Person]

= =Performs SDM With- -

Patient
[Person]

[ ™
'
Uses
[HTTP]
I
'
-
Notifies
MyChart, e-mail, or
Pa lanage other communication] MyPAIN
oftware a ' [Software System]
I
ovid cing CD d ' Patfient facing application
Dashboard : and educational tool
'
-~ ! -
! ~ ' -
A} 3 - =
1 Reads | Writes : Reads / Writes
v [FHIR REST] : [FHIRREST]
A T . s
v -~
\
A
'
'
Read;_From
1
A}
'
)
(Clinical Environment v
\Enterprise Boundary] i Y,

CDS For Chronic Pain
Management Containers

Existing Containers

2. Web
Browsers

3. FHIR
Facade

4. PDMP



MyPAIN to Collect Patient-Reported Outcomes

We’d like to ask you a few questions about your pain
and how it is affecting your life.

Please describe the location(s) of any pain you have
had in the past 7 days.

Review and Submit

Thank you for using MyPAIN, FirstName

O SEIEEt one or more IDcatIDnS A summary of your responses is included below:
( Head J E Treatments

You have noted trying the following in the last 6

months to help with your pain:
Treatment Did it work?

Stretching somewhat

o What type Df ShGUIder paln? Sleep or position aids somewhat

[ Burning J [ Aching j | Stabbing l
[Throbbingj [ Tingling j | Prickling |

Over the counter cremes very much

Yooa somewhat




MyPAIN to Collect Patient-Reported Outcomes

Thinking about your overall pain, in the past I days,

We'd like to ask you '
please respond to the questions below:

and how it is affectin

Please describe the o How intense was your pain at its
had in the past 7 da worst?

Review and Submit

|ND pain Mild | Moderate | Severe | Very severe

Thank you for using MyPAIN, FirstName
O SEIEEt one ( A summary of your responses is included below:
[ E Treatments
You have noted trying the following in the last 6
. . months to help with your pain:
' o How intense was your average pain?
Treatment Did it work?
Stretching somewhat
o What t [ Mo pain | Mild | Moderate| Severe | Very severe Sleep or position aids somewhat

Over the counter cremes very much

Yooa somewhat

s
| Throbbing ) o
| o What is your level of pain right now?

|Nn pain Mild | Moderate | Severe | Very severe‘




MyPAIN to Collect Patient-Reported Outcomes

Thinking about your ove AbD Ut m}r GD al S

please respond to the g

We'd like to ask you
and how it is affectin

o How intense W

Please describe the Review and Submit

had in the past 7 da worst?
| Nopain | Mild | M \we'd like to know more about you and your activity Thank you for using MyPAIN, FireiName
O SEIEEt one ( gﬂ'ﬂ|5 {JFCIF' E'J'.’EF?TPJIE'. .|Ir|:]| .|II|r'i-E m bE -E'.tl'.llE' fﬂ' WEI'JI'I.' I.-'I.-'IfIF?CIUf A summary of your responses is included below:
pain). Please describe, in your own words, your most
. . . E Treatments
[ Impﬂl'tﬂl"lt a':tl'llrlthr gﬂalﬁ You have noted trying the following in the last 6
o HGW |ntense y months to help with your pain:
' What are your most important activity goals? Treament plaitwona
Stretching somewhat
o Whatt [ Mo pain Mild M Sleep or position aids somewhat

Over the counter cremes very much

Yooa somewhat

s
| Throbbing )
| o What is your I

|Nﬂpain Mild | M




PainManager for Displaying Patient-reported Data

MOTE: This summary is not intended for patients

Pa i n M a n a ge r who are undergoing end-of-life (hospice or

palliative) or active cancer treatment.

Pertinent Conditions Factors to Consider in Managing Chronic Pain
Current Pain Treatments

Urine Drug Screening Pertinent Conditions
Shared Decision Making
Current Treatments
Urine Drug Screening

Shared Decision Making

The information below was provided by the patient on [MyPAIN submit date: XX/XX/XXXX] using the MyPAIN application:

ACTIVITY GOALS ACTIVITY BARRIERS
I want to be able to walk to my mailbox free of pain. I'd like to On a bad day, | have trouble putting on my clothes or getting
get back to enjoying a walk in the neighborhood with my a shower. | need to take care of my cat but have trouble just
grandkids. taking care of myself some days.
PAIN LOCATIONS (only yes responses shown) PAIN INTENSITY AND INTERFERENCE

Location Pain Y/N Type Question Rezponse

Head Y burning How intense was your pain at its worst? Somewhat

Neck ¥ burning How intense was your average pain? somewhat

Shoulders ¥ aching What is your level of pain right now? Somewhat

Arms ¥ aching How much did oain interfere with vour dav Somewhat



PainManager for Displaying EHR-based Pertinent Conditions

MWOTE: This summary is not intended for patients

PainManager e e

Pertinent Conditions Factors to Consider in Managing Chronic Pain
Current Pain Treatments

Urine Drug Screening Pertinent Conditions

SAMATAct DS OaT| VR CHRONIC PAIN CONDITIONS (past 12 months)

Name
Fibromyalgia
Chronic neck pain

CO-MORBID CONDITIONS INCREASING RISK WHEN USING OPIOIDS (past 12 months unless otherwise noted)

Name
Diarrhea
Depression

Current Pain Treatments

Urine Drug Screening

Shared Decision Making



PainManager for Displaying Current Treatments + MME

MOTE: This summary is not intended for patients

PainManager e e e

Pertinent Conditions Factors to Consider in Managing Chronic Pain
Current Pain Treatments

Urine Drug Screening Pertinent Conditions

Shared Decision Making .
Current Pain Treatments

ACTIVE PRESCRIPTIONS

Non-opioids

Medication Date Prescribed ¢ Sig

Cymbalta 1/1/2020

Clonazepam 1/21/2016

Docusate (colace) 4/1/2019

Opioids TOTAL MME/Day: N/A
Medication Date Prescribed ¢ Sig MME/Day
Oxycodone  EXternal 1/21/2018 N/A

MNarcan 4/1/2019 N/A

SELF-REPORTED TREATMENTS FROM MyPAIN (past 6 months)

Treatment Effectiveness Treatment Effectiveness
Physical therapy Sometimes CBD oil Never
Chiropractic treatment Sometimes Pain relievers Always

Meditation Sometimes Cortisone injection Sometimes

eep theraoy Sometimes Medical mariiuana Sgmetimes




Challenges CDS4CPM has Encountered

o Anticipating future developments for standards
Proprietary vs standard APls
Evolving vendor challenges per information blocking regulations
What happens if/when the FHIR fagade is no longer needed due to changes in vendor APIs?
o Managing data models (via FHIR facade) depending how US Core meets various needs
Extending US Core for QuestionnaireResponse (future versions?)

Dosage information requiring more specificity than what US Core currently provides, suggest for
USCDI v2

o PDMP
Technical solution may not align with state capabilities and governance
Technical solution may not align with local governance

o Artifact Stewardship
Assigning long-term oversight of artifacts and value sets
Determining when oversight is best handed off to different parties
Covering costs of stewardship
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Summary Points

® Interoperable CDS Expectations

» Improve the spread of adoption/dissemination of medical knowledge and practice guidelines
» Reduce provider burden
» Provide tools for “shared decision making”
® Areas for improvement
» Data resources are not uniformly available at different sites

» Workflows for local CDS deployment is still being validated
» Validation of data streams outside of the EHR is a concern
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AHRQ Announcements

®* New FOA

» Disseminating and Implementing Patient-Centered Outcomes Research (PCOR) Evidence into
Practice through Interoperable Clinical Decision Support
- https://grants.nih.gov/grants/quide/pa-files/PA-20-074.html

® Upcoming AHRQ Division of Digital Healthcare Research “2019 Year in Review” report
® Resources

» AHRQ CDS main page https://cds.ahrg.gov
» AHRQ resource mailbox ClinicalDecisionSupport@ahrg.hhs.gov
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QUESTIONS?
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Electronic Clinical Decision Support Tools
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3 Waves of the Rise in Opioid Overdose Deaths

12

10 Other Synthetic Opioids

e.g., Tramadol and Fentanyl,
prescribed or illictly manufactured

Heroin

4 Commonly Prescribed Opioids
Matural & Semi-Synthetic Opioids
and Methadone

Deaths per 100,000 population
93]

1939
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Bave e Wave 2: Rise in Heroin _III.'HI.IIIEI"JE! j HJSE I[_'
Synthetic Opioid

Overdose Deaths

Prescription Opioid
Overdose Deaths Overdose Deaths

SOURCE: Mational Wital StatisticsSystem Maortality File.



RISE IN OPIOID OVERDOSE DEATHS IN AMERICA

A Multi-Layered Problem in Three Distinct Waves

450,000

1990: @ 2010 2013

mark a rise in marks a rise in marks a rise in
prescription opioid heroin synthetic opioid
overdose deaths overdose deaths overdose deaths

people died

from an opioid overdose (1999-2018)

L 2 L= o
e 7, &L "
2\ oo,
Rx OPIOIDS HEROIN SYNTHETIC OPIOIDS
Include natural, semi-synthetic, An illegal opioid By 2018, 2/3 of all opioid
and methadone and can be overdose deaths involved o
prescribed by doctors synthetic opioid, such as illicitly

manufactured fentanyl.

Learn more about the evolving opioid overdose crisis: www.cdc.gov/drugoverdose
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Preventing Opioid Overdoses and Opioid-Related Harms

Monitor trends Advanceresearch

\ Build state, tribal,
local, and territorial

' capacity

Increase public
awareness

Partner with public safety
and community organizations

Supporthealth systems,
healthcare providers, and
payers




Overdose Data to TR .- .
Action OD2A | N

Cuyahoga County
le:ll:lnl.’.wrm
» |ntegrates previous funding
into one announcement .

City of Chicago

™ Mew Yok City

= $300M per year for 3 years

Riverside Courty :
San Diego County ~

= Seamless integration of data
and prevention programs

: Baltimore County

» 66 jurisdictions funded
including 47 states, DC, 2
territories, and 16 hard hit
cities and counties

B ruceto RicO

COMMONWEALTH OF THE
NORTHERN MARIAHA ISLANDS

Harris County i

! *.l'
Duval County
Palm Beach County
Broward County

Public Safety Empower Consumers

Local Response
s

Linkage to Care

Health System



Support Health Systems and Providers

" Promote use of the CDC Guideline

O for Prescribing Opioids for Chronic
Pain

®" Train healthcare providers on
implementation of Guideline

= Provide tools to help integrate into
clinical practice




Centary for Dissria Cantrol aad Prasandion

CDC Guideline for Prescribing Opioids for
Chronic Pain — United States, 2016
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Organization of Guideline Recommendations

12 recommendations grouped into 3 conceptual areas:
» Determining when to initiate or continue opioids for chronic pain

» Opioid selection, dosage, duration, follow-up, and discontinuation

» Assessing risk and addressing harms of opioid use

EMPOWERING PROVIDERS.

GUIDELINE FOR PRESCRIBING
OPIOIDS FOR CHRONIC PAIN




Module 4: Reducing the Risks of Opioids

Mitigating Opioid Risk Scenario 6 - Knowledge Check Menu | Resources | Exit

Provider Resources

What should you discuss with your patient to increase
the safety of his current medication regimen? Select all
that apply.

C I i n i ca I To o I s A. Explain that taking both opioids and benzodiazepines

increases the risk of overdose

B. Discuss that treatment options other than opioids or

| ]
M o b I I e Ap p benzodiazepines are available to treat the pain and anxiety

C. Explain that if thaalioid is tapered, it will be done slowly

Trainin gs (C M E) D. Discuss that t .

risk of taperin &

Digital & Print Resource

lity Improvement
Care Coordination:

iplementing the

DC Guideline for

rescribing Opioids
To learn more: or Chronic Pain

https://www.cdc.gov/drugoverdose/prescribing/resources.html



https://www.cdc.gov/drugoverdose/prescribing/resources.html

Health Systems Interventions

> Clinical Quality Improvement and Care Coordination

> EHR and PDMP (prescription drug monitoring
program) Data Integration

» Clinical decision support (CDS) tools embedded into
electronic health records (EHRS)




Electronic CDS Evaluation

> Implemented pilot CDS tools at four participating healthcare systems:
> Regional primary care health system based in Kansas
» Large metropolitan hospital with outpatient clinics in Texas
> Large hospital and outpatient care system in New York City
> Regional hospital and primary care health system in Pennsylvania
> Evaluated implementation process, use, and utility of CDS tools:
> Pre-/post- of EHR-generated measures using existing data

» Conducted semi-structured interviews (n=8) with project champions and IT leads at
participating healthcare systems



Electronic CDS Evaluation

» Each participating health system developed EHR-embedded CDS tools that align
directly with the CDC Guideline recommendations and integrated directly into system
clinical workflow. CDS tools developed included:

> Alerts

> Access to prescription drug monitoring program (PDMP) data
> Patient registries

» Auto-population of prescription fields (e.g., quantity)

> Order sets (e.g., SmartSet)

> Morphine milligram equivalents (MMEs) calculators

> Templates for clinical notes and referrals



Evaluation Results

» The number of patients with counseling on opioid risks and benefits increased from
5% to 7.5% (TX)

» Short-term follow-up increased slightly at (TX)

> Use of immediate release opioids when obtaining a new opioid prescription increased
from 91% to 96% (TX)

» Urine drug testing increased by 50% (PA)
» Naloxone counseling increased by six-fold (PA)
» Use of PDMP information increased by 60% (KS)



Lessons Learned

Development and implementation of CDS tools aligned with the CDC Guideline has the
potential to promote safer opioid prescribing and improve patient care.

Design, validation, and implementation process for CDS tools can be highly variable

Healthcare systems’ capabilities and resources are critical in determining which CDS
modules to implement and how

Flexibility in creating CDS tools and data definitions is KEY to successful integration
into clinical workflow



Lessons Learned Continued

» Facilitators:
> In-house IT staff expertise and availability
> Access to and relationship with EHR service advisor
> EHR system-specific administrative regulations and clinical policies
> Shared learning with other systems
> Barriers/Challenges:
> EHR system-specific limitations to how data are captured, or need to be built
> Length of time to build, test, iterate, and implement
> Limited resources available

> Lacking internal expertise or IT experience with opioid-related data



Current Electronic CDS Projects

> Health systems can help encourage the uptake and use of
the CDC Guideline for Prescribing Opioids for Chronic Pain

> CDC-funded effort to create electronic CDS tools that map to
the 12 Guideline recommendations

> Contributors: ONC, AHRQ, Yale, Indiana University, Duke,
and Security Risk Solutions

> Current work includes further refinement and development of
electronic CDS to be used in electronic health records
(EHRSs), at the point-of-care




Home Frofil

Electronic CDS Implementation Guide

Drocumentation

Termino Example

Opioid Prescribing Support Implementation Guide

Opioid Prescribing Support Implementation Guide §» Contents

- Opicid Prescribing Support
Introductlon 9 Impl=mentation Guids=
Introdduction
This implementation guide provides resources and discussion in support of applying the Centers for Disease Control and Prevention (CDC) Opioid Seope
Prescribing Guidelines: Getling Start=a

CD»Z guideline for prescribing opioids for chronic pain

This implementation guide

was developed as part of the Clinical Quality Framework Initiative, a public-private partnership sponsored by the Centers for Medicare 8 Medicaid

Services (CMS) and the U.S. Office of the Mational Coordinator for Health Information Technology (OMNC) to identify, develop, and harmonize standards for clinical decision
support and =lectronic clinical quality measurement.

This project is a joint effort by the Centers for Disease Control and Prevention (CDC) and the Office of the NMational Coordinator for Health IT (ONC) focused on improwving
processes for the development of standardized, shareable, computable decision support artifacts using the CDVC Opioid Prescribing Guideline as a model case.

Scope §»

This implementation guide

» Recommendation #1 -
* Recommendation #2 -
« Recommendation #3 -
e Recommendation #4 -
» Recommendation #5 -
« Recommendation #6 -
« Recommendation #7 -
e Recommendation #8 -
e Recommendation #9 -
» Recommendation #£10
» Recommendation #11

» Recommendation #12

includes support for the following guideline recommendations:

Monpharmacologic and NMonopioid Pharmacologic Therapy Consideration
Opioid Therapy Goals Discussion

Opioid Therapy Risk/Benefit Discussion

Opioid Release Rate When Starting Opioid Therapy

Lowest Effective Dose

Prescribe Lowest Effective Dose and Duration

Opioid Therapy Risk Assessment

Maloxone Consideration

Consider Patient’s History of Controlled Substance Prescriptions
- Urine Drug Testing

- Concurrent Use of Opioids and Benzodiazepineas

- Evidence-based Treatment for Patients with Opioid Use Disorder

Getting Started §»

For a quick start to get up

and running and see how the artifacts work, refer to the Quick Start



CDC Resources

CDC Opioid Overdose Prevention Website
www.cdc.gov/drugoverdose

State Efforts
https://www.cdc.gov/drugoverdose/states/index.html

CDC Guideline for Prescribing Opioids for Chronic Pain
https://www.cdc.gov/mmwr/volumes/65/rr/rr6501e1.htm

Resources for Patients
https://www.cdc.gov/drugoverdose/patients/index.html

Resources for Providers
https://www.cdc.gov/drugoverdose/providers/index.html

Clinical Decision Support Resources
* Implementation Guide Output: http://build.fhir.org/ig/caframework/opioid-cds-r4/

» Source for the implementation guide: https://github.com/cqframework/opioid-cds

« Supporting Java packages for the CQL-to-ELM translator and CQL Engine:
https://qgithub.com/cgframework/opioid-cds-logic

« Agency for Healthcare Research Quality’s CDS Connect: https://cds.ahrg.gov/cdsconnect/artifact/factors-
consider-managing-chronic-pain-pain-management-summary



http://www.cdc.gov/drugoverdose
https://www.cdc.gov/drugoverdose/states/index.html
https://www.cdc.gov/mmwr/volumes/65/rr/rr6501e1.htm
https://www.cdc.gov/drugoverdose/patients/index.html
https://www.cdc.gov/drugoverdose/providers/index.html
http://build.fhir.org/ig/cqframework/opioid-cds-r4/
https://github.com/cqframework/opioid-cds
https://github.com/cqframework/opioid-cds-logic
https://cds.ahrq.gov/cdsconnect/artifact/factors-consider-managing-chronic-pain-pain-management-summary

Contact:

Wes Sargent
Wsargent@cdc.gov

Please note that the findings and conclusions in this
presentation are those of the authors and do not necessarily
represent the official position of the Centers for Disease
Control and Prevention.
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Project Overview - From Evidence
to Executable CDS
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Greg White

Security Risk Solutions, Inc.
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CDS for CDC Prescribing Guideline Overview

oooooooooooooooooooooooooooooooooooo
Health Information Technology

CDC Prescribing Guideline Decision Support

» Goal: provide point-of-care support for CDC Guideline for
Prescribing Opioids for Chronic Pain

* Process: Progress from narrative to executable CDS

« CDC-sponsored effort. Contributors: ONC, AHRQ), Yale, Indiana
University, Duke, Security Risk Solutions Inc., Epic, Cerner, and
many others.

* Approach:

« Leverage health IT standards for representing clinical knowledge &
iIntegrating into EHRs

* Pilot with multiple healthcare organizations and EHR products



https://www.cdc.gov/drugoverdose/prescribing/guideline.html

74 CDS for CDC Prescribing Guideline Overview

Current Guideline Development and Implementation

Health Information Technology

G
\‘;b p/

The Office of the National Coordlnatorfo\r H _(c
@,

Develop guidelines

Research

Interpret guidelines

-

Results

Literature | | Guideline

Review Narrative
Meta- }-

analysis FOF

Guideline | | Clinicians hear Additional/f Conveng Determine which
released about guideline | | conflicting internal clinical guideline (and which
guidelines? workgroup part(s)) to implement

. Adjust
CO5 as

Search Conduct
workflow with existing workflow
CDS tools

o

Test within Multiple Implement
system CD5 tool in
tests test system

analysis

cneeded actual users
NOTE: This
Release CDS | | Monitor CDS tool ' process is
tool into for issues & ; 1 | reeeared
production maniter for updates Create : ’;";L’f:__
system to guidelines DS tao

96% of ~5500 hospitals utilize a certified EHR
B0% of ~355,000 MDs utilize a certified EHR

Implement guidelines

Health IT  Health IT Health IT Heglth ITHealth ITHealth IT  Health IT
System Syslem  System  System System System  System

L T T g

Health IT peqi T Health ITHealth ITHealth IT Health IT Heaith 1T
Syslem  guglem  System  System  System  System System

I TR T

Health IT  Health IT Health IT Health IT Health IT Health IT Health IT
Sys.tcm System  Syslem Srﬁtﬂm ﬁﬁtﬂm System  System

Health IT E ii I Haaltth ‘FF H ealth IT ma

System  System  Systern SYSIEM  Systern  System  Systam

EEEEEET

https://dashboard.healthit.gov/quickstats/quickstats.php

Slide courtesy of Maria Michaels, Centers for Disease Control and Prevention
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CDS for CDC Prescribing Guideline Overview The Office of the National Coordinator fo n _/g

Health Information Technology @§
Utilization of Standards-Based Dissemination

* EHR data retrieval: HL7 FHIR

 FHIR = Fast Healthcare Interoperability Resources

» Guideline knowledge representation: HL7 CQL
« CQL = Clinical Quality Language

« CQL can be utilized within a CDS service or directly executed within a health
information system

 EHR workflow integration: HL7 CDS Hooks

 EHR app integration: HL7 SMART
« SMART = Substitutable Medical Apps, Reusable Technologies

* Key enabler: EHR vendor support for these standards



—
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Health Information Technology

Translating Evidence to Executable CDS

Knowledge Level Description Example

L1 Narrative Guideline for a specific disease that is written in
CDC Prescribing Guideline the format of a peer-reviewed journal article
Semi-structured Flow diagram, decision tree, or other similar

L2 Functional Descriptions format that describes recommendations for
Process Flow Diagrams implementation (HUMAN READABLE)
Structured Standards-compliant specification encoding logic
CQL, FHIR Resources, with data model(s), terminology/code sets, value

L3 : . : :
Terminology Libraries sets that is ready to be implemented

(COMPUTER/MACHINE READABLE)

Executable CDS implemented and used in a local execution

Pilot sites: University of Utah, environment (e.g., CDS that is live in an
Duke, Yale, Indiana University electronic health record (EHR) production
system) or available via web services

L4

Adapted from: Boxwala, AA, et al.. A multi-layered framework for disseminating knowledge for computer-based decision support. J Am Med Inform Assoc 2011(18) i132-i139.
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CDS Knowledge Artifacts, Pilots,
and Lessons Learned

Kensaku Kawamoto, MD, PhD, MHS

Vice Chair for Clinical Informatics, Department of Biomedical Informatics
Associate Chief Medical Information Officer

University of Utah
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KnOWIedge Artifacts The Office of the National Coordinator f(>
Health Information Technology

Artifact development is focused on the 12 CDC
Guideline recommendation statements

Determining when to initiate or continue opioids for chronic pain
1. Opioids are not first-line therapy
2. Establish goals for pain and function
3. Discuss risks and benefits

Opioid selection, dosage, duration, follow-up, and discontinuation
4. Use immediate-release opioids when starting
5. Use the lowest effective dose; appreciate daily morphine milligram equivalents
6. Prescribe immediate-release opioids only for short durations for acute pain
/. Evaluate benefits and harms frequently

Assessing risk and addressing harms
8. Use strategies to mitigate risk
9. Review PDMP data
10. Use urine drug testing
11. Avoid concurrent opioid and benzodiazepine prescribing
12. Offer treatment for opioid use disorder
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80 Knowledge Artifacts The Office of the National Coordinat®
Health Information Technology

Artifacts for all 12 recommendation statements are
available in an Opioid Prescribing Support FHIR IG

Home

Opioid Prescribing Support Implementation Guide

Opioid Prescribing Support Implementation Guide & Contents
. Opicid Prescribing Support
Introduction a Implementation Guide
Introguction
This implementation guide provides resources and discussion in support of applying the Centers for Disease Control and Prevention (CDC) Opioid
Prescribing Guidelines:

Getting Started
CDC guideline for prescribing opioids for chronic pain

This implementation guide was developed as part of the Clinical Quality Framewaork Initiative, a public-private partnership sponsored by the Centers for Medicare & Medicaid
Services (CMS) and the U.5. Office of the National Coordinator for Health Information Technology (OMC) to identify, develop, and harmonize standards for clinical decision
support and electronic clinical gquality measurement.

This project is a joint effort by the Centers for Disease Control and Prevention (CDC) and the Office of the National Coordinator for Health IT (ONC) focused on improving
processes for the development of standardized, shareable, computable decision support artifacts using the CDC Opioid Prescribing Guideline as a model case.

Scope &

This implementation guide includes support for the following guideline recommendations:

Recommendation #1 - Nonpharmacologic and Nonopioid Pharmacologic Therapy Consideration

Recommendation #2 - Opioid Therapy Goals Discussion
Recommendation #3 - Opioid Therapy Risk/Benefit Discussion

Recommendation #4 - Opioid Release Rate When Starting Opioid Therapy

Recommendation #5 - Lowest Effective Dose

Recommendation #6 - Prescribe Lowest Effective Dose and Duration

Recommendation #7 - Opioid Therapy Risk Assessment
Recommendation #8& - Naloxone Consideration

Recommendation #9 - Consider Patient’s History of Controlled Substance Prescriptions

Recommendation #10 - Urine Drug Testing

Recommendation #11 - Concurrent Use of Opioids and Benzodiazepines

Recommendation #12 - Evidence-based Treatment for Patients with Opioid Use Disorder

Getting Started §»

For a quick start to get up and running and see how the artifacts work, refer to the Quick Start

http://build.fhir.org/ig/cqframework/opioid-cds-r4/
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Level 2 Process Flow Diagrams

Benzodiazepine of Receiving both
opioid with - : opioid with
Medication select ambulatory misuse Opioid review ambulatory abuse
: useful? .
potential potential and

prescribed? benzodiazepine?

Avoid prescribing

medication and

benzodiazepine
concurrently

] EHR Triggering Event

I Calculation Logic
Configurable calculation logic
[[] Sub-routine calculation logic

. User Interaction

—

Y

The Office of the National Coordinator for
Health Information Technology

Lb Benefits outweigh

risks, snooze 3
months

N/A- see comment,
= & Snooze 3 months
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Level 3 Artifact Example (CQL, Rec. #11)

36 define "Inclusion Criteria”:

37 AgelnYears() »= 18

38 and (

39 exists (Common."Active Ambulatory Benzodiazepine Rx")

408 and exists (Common."Active Ambulatory Opioid Rx")

41 )

42

42 define "Get Indicator™:

44 if "Inclusion Criteria”

45 then ‘warning’

46 else null

47

482  define "Get Summary":

49 if "Inclusion Criteria”

ca then 'Patient has active prescriptions for opioid pain medication and benzodiazepines’
51 else null

L2

52  define "Get Detail”:

54 if "Inclusion Criteria”

55 then "Avoid prescribing opioid pain medication and benzodiazepines concurrently whenever possible’
56 else null
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Standardized CDS Approaches and Pilots

Direct CQL execution — Indiana University and Cerner
« Enables fast execution, even across large populations of patients

» Requires native EHR vendor system to understand CQL

CDS Hooks — Yale, Duke
» Alert or reminder; could contribute to alert fatigue

« Emerging EHR vendor support, including for required “hooks”

SMART on FHIR - University of Utah
» Accessible as a tab in the EHR

* Broad EHR vendor support

Approaches are complementary and can be synergistic
* E.g., SMART on FHIR app uses CDS Hooks service, which in turn uses direct CQL execution



13 Pilots

Direct CQL Execution

In [2]: query= """

library OpioidCDS_STU3_REC_1@ version '9.1.0'

using FHIR version '3.6.@°

include FHIRHelpers version '3.8.8"' called FHIRHelpers

include OpioidCDS STU3 Common \

In [3]: | from fore
fhir_data
version =
fhir_data

In [28]: read_results

out[28]: 113227

*

Recommendation Qutcomes

Total Population Total Met Excluded
113,227 36,602 26,167
Has Dx CHF Gender Age Group
True > (AN | (al)
(A1)
) . 0-18 years
Criteria Met 19-64 years
25K 65+ years
20K
» 15,898
5 154
o
=
2
a 10K 8,526
= 3455
0K —

MeetsCrit4 MeetsCritS

MeetsCrit3

MeetsCritl MeetsCrit2

"Evidence of Opioids Detail”,

s,
‘-==\\\ -j/,P

The Office of the National Coordinator for c

Health Information Technology }

HEALT,
507 i,
a “a,

&

%,

"Evidence of Illicit Drugs Indicator",
"Evidence of Illicit Drugs Summary",
"Evidence of Illicit Drugs Detail"],

session_today="2018-12-31T14:40:00-00:00")

Slide courtesy of Cole Erdmann




MILLER, BETTY X List [ Recent »

5 & Ai43
MILLER, BETTY S, 15 Age: 65 Sex: Female FIN: 000274150
Allergies: aspirin, penicilling Dose Weight: Isalation: Resuscitation Status: Clinical Trials:
Care Team: <Mo Primary Contact> Loc: RC Family Pract Mo Qutside Records HealtheLife: Yes Advanced Dir: Living will
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BestPractice Advisory - Testpatient,Opioid1

]
Patient's average oral morphine equivalence (OME) is 192.33 mg/day.
Daily Average OME (mg/day)
(reassess) (avaoidfjustify)
] 50 80
- - -
FY
1592.33
(current)
For adults, CDC recommends reassessing evidence of individual benefits and risks
when increasing dosage to >= 50 OME/day, and avoid increasing dosage to >= 90
OME/day or carefully justifying such a decision.
_ . Avg
Act 0 d Rx
ctive Opioi OME/day*
[ New Oxycodone Hydrochloride 15 MG Oral Tablet ¥ 135 myg
FENTANYL CITRATE 200 MCG BU LPOP # 17.33 mg
& Verify taking; Rx may have expired
Sig: Place 1 each (200 mcg) inside cheek every 2 hours as needed. Use prior to bowel movements,
maximum 4 per day
Morphine equivalence: 130x. For 1 lozange, OME = 26 mg.
Rx by Smith, John on 02/07/18. Disp 20 each, Refills 0.
Start date: 02/07/18. End date (estimated): 02/12/18. Based on dispense quantity and max daily dose
in sig.
Daily dose {avg): Fentanyl Oral Lozenge 20 dispense * 0.2 mg / 30d supply (assumed) = 0.13 mg.
Daily dose (max): Fentanyl Oral Lozenge 4 (daily max per sig) * 0.2 mg = 0.8 mQ. W
For Epic aspects: ©2020 Epic Systems Corporation. «" Accept Cancel
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s CDS Hooks
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BestPractice Advisory -

Advisory (1)

Patient has active prescnptlons for opioid pain medication and benzodiazepines
(1) Avoid prescribmg ‘opioid pain medication and benzodtazepmes concurrently whenever possible
Source: CDC guideline for prescribing opioids for chronic pain

©2020 Epic Systems Corporation.

»
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Outpatient Opioid Oral Morphine Equivalence (OME) Calculator

i AFALT,
& i

N

Patient's average oral morphine equivalence (OME) is §7.33 mg/day.

Daily Average OME (mg/day)

(reassess) (avoidfjustify)
1] a0 40
- - -

Fe
57.33
(current)

For adults, CDC recommends reassessing evidence of individual benefits and risks when increasing dosage
to >= 50 OME/day.

. i Avg
Active Opioid Rx
P OME/day*

FENTANYL CITRATE 200 MCG BU LPOF » 17.33 mg
A Werify taking; Rx may have expired
HYDROCODONE-ACETAMINOPHEN 10-325 MG PO TABLET % 40 mg
A Verify taking; Rx may have expired
Ay Mot adding OME for presumed redundant Rxs with start dates of 02/07M18 and 03/07/18.

[ Total Average OME/Day 57.33 mg

*Awvg OME = gty dispensed)/(days supply). 30d supply assumed unless otherwised noted in Sig or note to pharmacy.
*Max OME (see detsils) = max amount patient may take on a given day according to Sig, even if patient runs out of med eary.

OME conversion table
CPG opioid Rx guideline
Source: CDC opioid Rx guideline -- recommendation #5

For Epic aspects: ©2020 Epic Systems Corporation.
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Summary and Lessons Learned
« Standards-based CDS knowledge artifacts are now available for all 12
recommendations in CDC guideline

 Pilot implementations have spanned direct CQL execution, CDS Hooks,
SMART on FHIR, and combinations thereof

« Performance optimization must be a key focus

« Shareable CDS could reduce the time taken to develop, test and deploy
CDS, expediting guideline adoption

 Local skills are still required for deployment, testing, and maintenance;
should be reduced as approach matures

 Additional EHR capabilities are desired for optimal user experience (e.g.,
triggering based off of ordering workflow, 1-click execution of
recommended actions)
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Thank you

Kensaku Kawamoto,
MD, PhD, MHS

kensaku.kawamoto@utah.edu
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Discussion

« Can you share anything your organization is engaged in that is similar?
» Do you see opportunities for this approach to be applied to your work and priorities?

« What concerns would you have surrounding implementing standardized CDS in your
environment?
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CDS for the CDC Prescribing Guideline
Resources

« CDC Guideline for Prescribing Opioids for Chronic Pain
https://www.cdc.gov/drugoverdose/prescribing/quideline.html

» Opioid Prescribing Support Implementation Guide FHIR R4
http://build.fhir.org/ig/cqframework/opioid-cds-r4/

» Opioid Prescribing Support Implementation Guide FHIR STU3 and DTSU2
http://build.fhir.org/ig/cqframework/opioid-cds

* Quick Start Guide http://build.fhir.org/ia/caframework/opioid-cds-r4/quick-start.html



https://www.cdc.gov/drugoverdose/prescribing/guideline.html
http://build.fhir.org/ig/cqframework/opioid-cds-r4/
http://build.fhir.org/ig/cqframework/opioid-cds
http://build.fhir.org/ig/cqframework/opioid-cds-r4/quick-start.html
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Disclaimer

The content of this document does not necessarily reflect the views or policies of the US
Department of Health and Human Services, the Centers for Disease Control and Prevention,
the Office of the National Coordinator for Health IT, or the other organizations involved, nor
does the mention of trade names, commercial products, or organizations imply endorsement
by the U.S. Government.
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C ontact 0 N C \. Phone: 202-690-7151

¥y Health IT Feedback Form:
https://www.healthit.gov/form/

Lolita Kachay, Lolita.Kachay@hhs.gov healthit-feedback-form
Jawanna.Henry@hhs.qov

Wesley Sargent, Wsargent@cdc.qov Twitter: healthIT
Greg White, gw@securityrs.com L 4 witter: @onc_hea
Kensaku Kawamoto, kensaku.kawamoto@utah.edu M Linkedin: Search “Office of the National

Coordinator for Health Information Technology”

—— Subscribe to our weekly eblast
Health |T_g0v\ at healthit.gov for the latest updates!
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SHIELD: Harnessing National COVID-19 Test Data to
Provide Customizable Decision Support for Patients
with Underlying Medical Conditions

Michael Waters, Ph.D.
SHIELD, Team Lead/OIR RWE Representative

COVID-19 National Response Operations: HHS Data Strateqgy and
Execution Workgroup (DSEW)

OHT 7: Office of In Vitro Diagnostics and Radiological Health (OIR)
Center for Devices and Radiologic Health (CDRH)
Food and Drug Administration (FDA)

@ S H I E LDx Systemic Harmonization and Interoperability Enhancement for Lab Data



QL SHIELD, FOA

Systemic Harmonization and Interoperability Enhancement for Lab Data

Mission:
SHIELD, is a public-private partnership focused on the adoption/development, harmonized application and implementation of diagnostic

data standards to advance innovation.

Harmonized Codes + Patient Data = Usable Data

Answer: SNOMED-CT/UcCUM
Who's Asking: UDI

IVD (Code Standard) Structured Patient + Lab
Question:  LOINC Transfer Data .m

Test Makers Test Users Data Users

70+ Stakeholders:
FDA (CDRH, CDER, CBER), CDC, NIH, ONC, CMS, VA, CAP, IVD Manufacturers, EHR Vendors, Laboratories, Standards Developers, PEW
Charitable Trusts, NEST/MDIC, Academia

https://mdic.org/program/systemic-harmonization-and-interoperability-enhancement-for-lab-data-shield/



https://mdic.org/program/systemic-harmonization-and-interoperability-enhancement-for-lab-data-shield/

COVID-19 Laboratory Data Reporting Requirements

Daily COVID-19 Laboratory Data Reporting Required — March 29, 2020
HHS COVID-19 Laboratory Data Reporting Guidance —June 4, 2020

https://www.hhs.gov/sites/default/files/covid-19-laboratory-data-reporting-guidance.pdf

 Under CARES Act 116-136, § 18115(a)
* Applies to all testing performed in CLIA labs and home use settings
e Qutlines the data elements for COVID-19 test data submission to HHS

* Implementation deadline: August 1, 2020
* References SHIELD COVID-19 test mapping (published by CDC)

# - Providers https://www.cdc.gov/csels/dls/sars-cov-2-livd-codes.html
‘ - State
-~ DOH 1 \
Inherent

Cross- 19 & N
I t It ut I o n a I Ny / ’ .,'_I:-.-.-.___.-" - [o) ,‘ - . | -- H I w ] B
I}':' - State / rTmen A P WASHINGTON

P iy / DOH 1

?
i
Data needs to be understood to be useful!

Data Flow

Patient test data Analysis


https://www.hhs.gov/sites/default/files/covid-19-laboratory-data-reporting-guidance.pdf
https://www.cdc.gov/csels/dls/sars-cov-2-livd-codes.html

How do COVID-19 tests get to market? Notes:

e  Emergency Use Authorization (EUA).........coooviivieeee e, Data reviewed by FDA
 Notification (with intent to attain an EUA) ..., Self-validation

Types of COVID-19 tests:

Do you have SARS-CoV-2 Virus? Notes:
e  RNA Amplification Tests (€.8. RT-PCR)...cccoiiiiiviiiiie e, Indicates viral presence
 Antigenic Tests (e.g., proteins — spike, envelope, nucleocapsid...... Indicates viral presence

nonstructural proteins (nsp) Xvatural al ACCES50rY pn:-t-a-ina/
| 1] \ |

. M TaBh N

SUTR

Do you have antibodies to SARS-CoV-27?
e Serology Tests (e.g., 1gM, 18G, I8A)........coviiiiiiiiii e Indicates exposure



Harmonizing COVID-19 Test Data

’ Each test asks a ‘question’ of a specimen to get an ‘answer’. I

i o o

rI rI rI rI rI

1) Collect transport prepare 2) Ask Question: 3) Provide Answer:
e.g., Does the nasopharyngeal swab e.g., SARS-CoV-2 RNA is:
contain SARS-CoV-2 RNA by PCR?
Type Test Performed Detected
(LOINC code: 94500-6) (SNOMED-CT code: 260373001)
Specimen Type Not Detected

nasopharyngeal

(SNOMED-CT code: 258500001) (SNOMED-CT code: 260415000)



FOA

COVID-19 Tests: Types, #s and Authorized Settings

Lab/Site Complexity: Test Complexity:
Complex

COVID-19 EUA TEST COMPLEXITY (%)

Complex "

3%

Moderate
199

©

lg

- =

CLIA LAB CERTIFICATIONS (%) t'

) itati ()]

Microscopy Accre:!;;atmn Pl O
12% 7%

<

pr

o

COVID-19 EUA TEST TYPES (%)

Serology
Antigen 19%
2%

Waived
75%

Test Definitions:

Lab Definitions: . .
42 USC 2630 Slmp|e Slmp|e Mu}l;::lar 51 CFR 809.3

https://www.cms.gov/Regulations-and-Guidance/Legislation/CLIA/Downloads/statcer.pdf



https://www.cms.gov/Regulations-and-Guidance/Legislation/CLIA/Downloads/statcer.pdf
https://www.govinfo.gov/content/pkg/USCODE-2011-title42/pdf/USCODE-2011-title42-chap6A-subchapII-partF-subpart2-sec263a.pdf
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfcfr/CFRSearch.cfm?FR=809.3

Daily Reportable Data Elements for All COVID-19 Tests

(summary; reportable to federal/state/local authorities, as appropriate)

Test orders: Patient Demographics: ~ Harmonization Tools

« Test ordered  Unique patient identifier HHS COVID-19 Guide:

* Ordering provider name & NPI e Patient name e

* Ordering provider location/contact  * Patient date of birth/age i al — i

Test results: * Patientrace — _- i

e Test result * Patient ethnicity = =

* Device Identifier * Patient sex > |

* Specimen source * Patient location/contact COVID-19 Test Code Mapping:
* Date specimen collected * Patient occupation ey
e Test Result date  Patient congregate care/living setting

* Accession #/Specimen ID * Patient symptoms

« Performing facility name/CLIA# * Patient test & hospitalization history

* Performing facility location * Patient pregnancy status _

https://www.hhs.gov/answers/is-additional-information-including-technical-specifications-available-to-support-laboratories-with-implementation/index.html



https://www.cdc.gov/csels/dls/sars-cov-2-livd-codes.html
https://www.hhs.gov/sites/default/files/hhs-guidance-implementation.pdf
https://www.hhs.gov/answers/is-additional-information-including-technical-specifications-available-to-support-laboratories-with-implementation/index.html

Test Result: Device ID FOA
Specimen Value Set Performed Test Order evice
A B £ D E F G H il O
LOINC
Vendor Analyte . L. .. . i
Manufacturer |Model . Vendor Specimen Description Vendor Result Description LOINC Code (LOINC Long Name Order Testkit Name ID Equipment UID
ame
1 iT -T - - - - - (code - -
SARS-CoV-2 RMA is Detected "
(260373001Detected”SCT)
SARS-CoV-2 RNA is Presumptive Positive SARS coronavirus 2
cobas® nasopharyngeal (NP) swabs (258500001 ~Nasopharyngeal |(720735008*Presumptive positive*SCT) RMA [Presence] in bas® SARS-CoV
cobas -CoV-
Roche 6800/8800 cobas® SARS-CoV-2 |swab”SCT) SARS-CoV-2 RNA is Not Detected 94500-6 Respiratory specimen  (94500-6 2 Roch 08430215046203
oche
Systems oropharyngeal (OP) swabs (258529004°Throat swab®SCT) (260415000~ Mot detected”SCT) by NAA with probe -
Invalid Result (455371000124106"nvalid detection
result*SCT or 125154007~Specimen
4 unsatisfactory for evaluation”SCT)
nasal swab (445297001*5wab of internal nose”SCT)
nasopharyngeal swab (258500001*Nasopharyngeal SARS coronavirus 2
pharyng ( pharyng Positive (260373001"Detected”SCT)
swab"SCT) ) RdRp gene [Presence] 1D NOW COVID-
MNegative (260415000 Not detected”SCT) i i i .
Abbott 1D NOW CoVID-15 throat swabs (258529004 Throat swab”SCT} ) ) 94534-5 in Respiratory 94534-5 |19 Abbott Diagnostics |10811877011269
o Invalid (455371000124106 M nvalid i . -
Masal and throat swab combination 1tASCT) specimen by NAA with Scarborough, Inc.
resu
(433801000124107*Masopharyngeal and oropharyngeal probe detection
5 swab"SCT)
. Severe Acute SARS-CoV-2 (COVID19) o i
BioFire A SARS-CoV-2 Detected ) BioFire Respiratory
o i Respiratory RMA [Presence] in
BioFire Respiratory Masopharyngeal Swab (258500001*Masopharyngeal (260373001"DetectedSCT) Panel 2.1
i . Syndrome 94565-9 MNasopharynx by MAA |82159-5 .
Diagnostics  |Panel 2.1 ) swab"SCT) SARS-CoV-2 Not detected (260415000 Not ] {RP2.1} BioFire
Coronavirus 2 (SARSA with non-probe . i
(RP2.1} Detected”SCT) ) Diagnostics, LLC
CoV-2) detection
186
Positive Test for SARS-CoV-2
(260373001"Detected SCT)
i SARS-CoV-2 (COVID-
Megative Test for SARS-CoV-2
. Accula SARS- |SARS-Cov-2 . 13) N gene [Presence]
Mesa Biotech ) nasal swab (445297001"5wab of internal nose”SCT) (260415000 Mot detected”SCT) 95403-9 ) ) 94531-1 |B540COVA1000
Cov-2Test* (Interpretation i i in Nose by NAA with
Invalid Result (455371000124106 nvalid i
i probe detection
result*SCT or 125154007 Specimen
187 unsatisfactory for evaluation®SCT)

https://www.cdc.gov/csels/dls/sars-cov-2-livd-codes.html



https://www.cdc.gov/csels/dls/sars-cov-2-livd-codes.html

# Data Element

Test result
(performed)

Test result
{values)

Device
Identifier

COVID-19 Lab Data Reporting Implementation Specifications
Technical v

Reporting Requirement*

Federal /
CDC/
HHS

Yes

State / Local

PHD

: Location of data :
: element in LIVD |
1 SARS-CoV-2
: mapping file

Ordering

Provider /
EHR

Requested

.jE:ar assay and column

Specifications

Must use harinond Zzed
LOINC codes. when
available

‘IIIIIIIIIIIIIIII.‘

See LIVD file '‘LOINC |
Mapping ' Tab, coluni
F: 'LOINC Code’ .

’................l.
Qualitative tests:

Must use hannon zed
SWOMED-CT value
set codes

Quantitative tests:

Must use hanmonized
UCTUM wuts, when

available.

See LIVD file LOINC
Mapping’' Tab, columm
E: ‘Vendor Result

Must use lapmomzed

Device Identifiers (DD
when available. The DI
15 contained within the
umque device identifier
(UDI). created by
mamufacturer

¥See LIVD file LOINC %

* Mapping' Tab, cafumﬁ-
M TestkitName ID’

G Equmenr Ly

QpEEEEEnm

Test conducted by lab

I Reporting :
: using codes

I for pooled |
1 specimens |

. l |

Manufacturer requests UDI

then

provides DL or

1ssuance.
pull from GUDID darahaae

If DI wnavailable: Use “Trade
Name Mamfacturer Name’ (a
umque element controlled under

21 CFR 209 10(b)1))

Example LOINC: 94640-0:
SARS coronanvimis 2 S gene
[Presence] in Respiratory
specimen by NAA with probe
detection

Exanple SNOMED-CT
Cualitative Values:

& 260373001 Detected

* 260415000 Not detected

¥ 595231008 Not detected i
. led specunen

® #of specimens pooled

me A523T1000124108 Detected 1 in " .
.hmlﬂd 51)995*:@:'.....1......o

Fof specimens pooled
& 419984006 Inconclusive

-w
IIII‘.

Example DI 01234567891011

Example T rade Name:
SARS-CoV-2 Test Compary

HL7 Field

Click here
for HL7 V2
Guidance

M- I
]
|

| 2 I
| nce 1
e p— |

OB X-5




COVID-19 Lab Data Reporting Implementation Specifications

# Data Element HL7 Fidd

Click here
for HL7 V2
Guidance

_ gEEEEEEEEEEEEEEEEEN,

» Requested | Requested 3 Pregnant LOINC: 82810-3 OBX-5
P[q;muﬂ YassnnsnsNunsnnnnnnnnnennnnnnns® Dﬁjjpnqgrmﬂ
mmmm=——a UNK - Unknown SNOMED-CT Pregnancy Status:
Reporting : o 77386006 Pregnant
I requirement | . %Ngﬂ]imr@m
.ge . * 201000 1
............ __._._._._._.,A cIarlflcatlons_L_u e 276727009 Null
“r . . . [ ———— W-..—
{ ortin uireimen ts: .

Tivis table represents a visnal, side-by-side comparison ofwhich entifies nltimately receive each of the reported data elements. For example, not all data elements reported,

fo the State/Local PHD are reported to the Federal auilorifies.

= This tableis not meant to indicate how data elements are reporied in terms of their flow between entities. Current information on reporting requirements for
laboratories and associated FAQs are available on CDCs website: “How to Report COVID-19 Lab oratory Data™

Reguirement/Request Level:

¢  Yes = Required to be reported by August 1%, 2020

« Requested = Every reasonable effort should be made to achieve reporting by August 1%, 2020

+ Optional = Strongly encouraged to begin reporting by August 1%, 2020, if possible :
‘e, *_ No=Not required to be reported o'

SppuesEsEEEEEEER EEEEEEEEER EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEES

S EEEEEEEEEEEEEEEEN

1\
‘U

CSTE EMERGENCY New - National ELR Flat File and HL7 Generator Tool Package

PREPAREDNESS &

SPONSE

COVID-19 Response

https://preparedness.cste.org/?page id=136



https://preparedness.cste.org/?page_id=136

Completeness and Harmonization of One Data
Element
12.4% of test results don’t use harmonized

>99% of transmitted results report data element “Test Result LOINC codes

l

Top three codes

~ 77 million reported PCR test results *2s of 9/11

Number of LOINC codes used to report

4000 60,000,000
1. NOVELCORONAPCR

3200 50,000,000 2. COVID19

g 3000 = 3. Null (empty field)

3 40,000,000 &

© 2500 =

= 2

g 2000 30,000,000 Lg

@ 1500 g

£ 20,000,000 € o o

5 000 : Data harmonization
co0 10,000,000 .. . |

— 0 is improving!

1/1/2020 6/4/2020
6/3/2020 9/11/2020
Time frame



Rapid Acceleration of Diagnostics (RADx) for COVID-19

MNATIONAL CALL PHASE 0: . PHASE 1: PHASE 2: : END OF SUMMER/
FOR INNOVATIVE | “Shark Tank™Like . \Validation and Risk Review i Clinical Tests, Regulatory ! FALL 2020

TECHNOLOGIES Rapid Selection Process Approval, and Scaling Up

Goal:
Deployment of
COVID-19 tests

Rolling Submissions and
Selections Begin
April 29, 2020

Deployment

=, o

OaD)
.—

= } .***, anywhere.
Q | x DEPLOY w
= ) * miLions ¥
f\_{, ( ,] “*g’ of tests per week
E‘ . . ___E_‘ I:/H-\:l w *x * w
%0 :
= = ()
R\E,} = RADX Programs
) RADx Tech
RADx Underserved Populations (RADx-UP) :
RADx Radical (RADx-rad) et

RADx Advanced Technology Platforms (RADx-ATP)
Reporting Enabled App

https://www.nih.gov/research-training/medical-research-initiatives/radx/radx-programs 109



https://www.nih.gov/research-training/medical-research-initiatives/radx/radx-programs

Mapping Underlying Medical Conditions

—-|__}1 Home

.| )2 Logica Comparison to E ICR

-|_]3 Patient Demographics and Vital Signs
~|_J4 Case Reporting Info

"|_-15 Exposure Info

L. )7 Lab Profiles
| )8 Smoking Status Pregnancy Status
- |_]9 Exposure Questionnaire

i~_J10 History

LJll Artifacts Summary

—-L_]E Signs Symptoms Diagnoses Comorbidities

- [,
~[J11.
- 11,
~[J1t.
- ]11.
- [)11.
-[J11.
L [M11.
— [ Ja1.
=11,

- [J11.
-1t
[ 11,
- J11.
.—,jll_

/_dll.? COVID-19 gastrointestinal and hepatic underlying condition

8 COVID-19 hemoglabinopathy underlying condition
9 COVID-19 ICD 10 Diagnosis

10 COVID-19 immune underlying condition

11 COVID-19 renal underlying condition

12 COVID-19 respiratory underlying condition

13 COVID-19 SNOMED Diagnosis

14 COVID 19 Symptoms Absent

15 COVID 19 Symptoms Present

16 COVID-19 uncategorized underiying condition

17 COVID-19 cardiovascular underlying condition
18 COVID-19 immunocompromised underlying condition
19 COVID-19 General Comorbidities Absent

20 COVID-19 General Comoerbidities Present

21 COVID-19 metabolic underlying condition

22 COVID-19 neurologic underlying condition

https://covid-19-ig.logicahealth.org/toc.html

/’Ebde
427099000
22607003
195967001
12295008
63480004
13645005
39871006
719218000

190905008
931000119107

37471005
51615001
700250006
64667001
233703007
40100001
78275009
87433001
991000119106
36485005
31541009

&67 17001

Display

Active tuberculosis (disorder)

Asbestosis (disorder)

Asthma (disorder)

Bronchiectasis (disorder)

Chronic bronchitis (disorder)

Chronic obstructive lung disease (disorder)
Chronic respiratory failure (disorder)
Cryptogenic organizing pneumonia (disorder)
Cystic fibrosis (disorder)

Dependence on supplemental oxygen (finding)
Extrinsic allergic alveolitis (disorder)

Fibrosis of lung (disorder)

Idiopathic pulmonary fibrosis (disorder)
Interstitial pneumonia (disorder)

Interstitial lung disease (disorder)
Obliterative bronchiolitis (disorder)
Obstructive sleep apnea syndrome (disorder)
Pulmonary emphysema (disorder)

Reactive airway disease (disorder)
Restrictive lung disease (disorder)
Sarcoidosis (disorder)

Tuberculosis (disorder)


https://covid-19-ig.logicahealth.org/toc.html

Ensuring Maximal Data Utility
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Goal: Provider & Patient Utility from At-Anywhere Tests

( = Just took a home
T ¥ B test... now what?

Case Report Date:  Tap to enter date. /') F -e' ") % e
222 l,

Should | go back to work/school?

« Encounter Details

Patient Information dh ‘ - m “

Patient ID: DOB:

Sex: Location: ®

Race/Ethnicity Choose one | Consent:[]
Clinical Signs & Symptoms

Symptoms : Check all that apply

*Fewer or chills *Headache

| have underlying medical conditions, is
are there special considerations for me?
*Obesity

L\
A\exA
[~—"\
sserious heart conditions Isolation? [J

Laborarory Touting Can we get supplies? Should | get tested? When? Where?

est Date: Tap to enter date.

*Cough sNew loss of taste or smell
*Shortness of breath or difficulty  «Sore throat

breathing *Congestion or runny nose
*Fatigue *Mausea or vomiting
*Muscle or body aches sDiarrhea

Underlying Conditions [T

*kidney disease
*COPD
simmunocompromised

*Sickle cell disease
*Type 2 diabetes

Choose one I
Specimen: Choose one |

Epidemiological Risk/Exposures

¥ minute clinic
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September 15, 2020
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What is CRET?

The Clinical Response through Emerging
Technology (CRET) program is an HHS
initiative to improve clinical response to
emerging public health hazards using
EHRs and IT tools and infrastructure.

CRET’s goal is to provide clinicians with near-real-time
updates to information and best practices to improve their
medical response to a broad range of natural and
manmade hazards

e LETIce ofF e g aardinat
Health Information Technology
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The Need for CRET

When health hazards occurs, each response is slightly different. =
CRET addresses the critical in-the-moment information needs of
the medical community:

* |Immediate access to the latest science about response without the need for extensive
research when time is of the essence

e Translation of public health agency guidance into computer-readable information that can
be shared with computer systems (including EHRs and clinical decision support) to deliver
needed information to doctors at the point of care.

CRET provides clinicians with the latest science and response protocols from federal, state, tribal, local, and territorial public
health communities by delivering critical knowledge to clinical decision support tools within existing clinical workflows.

=X @[CTO
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Common Hazards Requiring CRET Response

s
i
N

N

The Qffice of the National Coordinator f
Health Information Technology

Infectious diseases
Environmental, chemical, and biological hazards

Events based on (intentional or unintentional)
human behavior

Natural events such as extreme weather

2/CTO
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Risk Identification & Response at Point of Care

Office of the Mational
Health Information

Technology

¢/CTO

CRET is adaptable for different audiences
(e.g., clinicians, clinical software vendors, average
citizens). It addresses:

Risk Identification: Exposures (e.g., travel, residence, occupation,
recreational activities), symptoms, physical findings, and diagnostic
tests (e.g., laboratory, imaging and pathology)

Risk Reduction and Mitigation: Isolation, personal protective
equipment, exposure avoidance, treatment and supportive care

Education: Recommendations for individuals at risk (patients,
caregivers, employment sites)

117



Current Manual Process for Information Distribution

Currently, IT professionals “translate” — Slow, idiosyncratic, manual
interpret and implement — many clinical process at each site Inconsistent
guidelines into EHR-based decision sl e » Info Delivery
support e GUIDANCE MANUAL

I

DEVELOPERS INTERPRETATION

MANUAL
INTERPRETATION

!
!
1
1
1
A ) }
!
PUBLIC HEALTH PUBLISHED I MANUAL
HAZARD GUIDANCE I INTERPRETATION
1
!
1
1
1
1

SAME HAZARD = DIFFERENT INTERPRETATIONS

e @/CTO
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CRET: Changing The Picture

CRET framework and tools = an approach to share information on evolving threats

GUIDANCE

STAT EJ;'LU'CFLL DEVELOPERS
|

* Rapid dissemination of the most updated,
accurate science

SERVICES FOR ALL EHRs
GUIDANCE

* Information delivery using clear data
standards and definitions

TRIGGERING
EVENT

» Flexibility and re-use of logic to rapidly
address new threats

]
o
o
&
:

g
e
&
[=]
g
g
=
3
7
g
g
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Emerging Infectious Diseases: 2019nCoV Coronavirus

Guidance With CRET

SYMPTOMS:
> )X FEVER AND SYMPTOMS OF LOWER
) RESPIRATORY ILLNESS (COUGH,
DIFFICULTY BREATHING)

Py SYMPTOMS:
3 )X FEVER OR SYMPTOMS OF LOWER
A RESPIRATORY ILLNESS (COUGH,

DIFFICULTY BREATHING)

EXPOSURE:
* IN THE LAST 14 DAYS BEFORE SYMPTOM ONSET, A
HISTORY OF TRAVEL FROM WUHAN, CHINA, OR
* IN THE LAST 14 DAYS BEFORE SYMPTOM ONSET, CLOSE
CONTACT WITH A PERSON WHO IS UNDER

INVESTIGATION FOR 2019-CoV WHILE THAT PERSON IS
ILL

EXPOSURE:

* IN THE LAST 14 DAYS BEFORE SYMPTOM ONSET, CLOSE
CONTACT WITH AN ILL, LABORATORY-CONFIRMED
2019-CoV PATIENT

RECOMMENDATIONS:

NOTIFY INFECTION CONTROL AND
LOCAL HEALTH DEPARTMENT

HEALTH DEPARTMENT WILL
COLLECT, STORE AND SHIP

SPECIMENS TO CDC

AIRBORNE ISOLATION ROOM -
STANDARD, CONTACT AND
AIRBORNE PRECAUTIONS AND EYE
PROTECTION.

Source: Centers for Disease Control and Prevention. 2019 Novel Coronavirus, Wuhan, China: Interim Guidance
for Healthcare Professionals. Available at: https://www.cdc.gov/coronavirus/2019-nCoV/clinical-criteria.html|

- ﬁ/CTO
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Improving Public Health Response With Modern Systems

Clinicians must understand complex and rapidly
% evolving guidelines
/

/ * Currently, IT professionals “translate” — interpret and implement —
/ many clinical guidelines into EHR-based decision support

/7
77
* This process can lead to inconsistent and inaccurate implementation

Let’s consider an example and its implications:
ACUTE LYME

Office of the Ma al Coordinato
Health Information Technology
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Acute Lyme: The Bulls-Eye Rash, an Easy Diagnosis

Accurate Clinical Guidance for
Patient with EM Rash

» After tick bite, some patients present with erythema % OBSERVATION/SYMPTOM:
migrans (EM) rash. EM RASH

- The rash is diagnostic for Lyme disease, _
unlike non-specific symptoms, which are FEMN TREATMENT: ANTIBIOTICS
inconclusive

* Do all clinicians know this?

Health Information Technology

B ﬁ/CTO
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Acute Lyme: A Dangerous Reality

Wasted Steps Without CRET

5 OBSERVATION/SYMPTOM
b CONFIRMATION: EM RASH

LABORATORY TESTING:

VS.
é@ ELISA TEST s
o
()]
-
LABORATORY TESTING: pras]
WESTERN BLOT I
o
Q
)
v
0|0 —F)
% TREATMENT: ANTIBIOTICS ®

=X @[CTO

The Qffice of the National Coordinator f
Health Information Technology

Accurate Guidance With CRET

Y9 OBSERVATION/SYMPTOM:
y EM RASH

@g@ TREATMENT: ANTIBIOTICS
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CRET For Acute Lyme: Take-aways

* Legacy IT without shared standards or * Flexible, scalable platform (extendable
interpretation to many hazards) with shared
standards

 Complex guidelines “translated” by IT
professionals * Complex guidelines “translated”

L by SMEs
 One-way communication

e Bidirectional communication
 EHR updates fail to keep pace with

evolving state of science  EHR updates are rapid with near-real
time information

e LiTice of the National Loordinat
Health Information Technology
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CRET Parent Algorithm

CRET PARENT ALGORITHM

#E | SUB-ROUTINE 1
b [ | Sympboms

- —

A5 SUB-ROUTINE 2

CRET emphasizes |
traits critical to rapid Ny

SUB-ROUTINE 2
g Physical ANUMBER OF

response to health & S i P
th reatS' 2 W SUB-ROUTINE 4 @ el e Al
Y = o

» Flexibility - ‘o<
| +

A

« Diversity of
experiences

£ SUB-ROUTINES
ihi 3 Imaging Study
°
Ability to handle oo -
n in SUB-ROUTINE 6 9.V 3 RECOMMENDATIONS
. Certa ty Fathology Possibly More Testing
P
Dl SUB-ROUTINE 7
Demographics
P

& | SUB-ROUTINE &

N £ / C_TO & & Soca o

Health Information Technology
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e Rachel Abbey, ONC

* Floyd Eisenberg, iParsimony

* James Daniel, Amazon Web Services (formerly with CTO)
 Michael Wittie, ONC

* Kristen Honey, CTO

* Alexander Wilson, CTO

e Rachel Melo, CTO

¢/CTO
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Q&A Discussion



Lunch Break
Please return by 1:30 pm EDT

—_
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CPG-on-FHIR: Computable Guidelines
for CDS and Beyond

WV ETERVIT EEN
Centers for Disease Control and Prevention

Matthew Burton
Apervita, Inc.

Bryn Rhodes
Database Consulting Group

[ s Tal U.S.I?E::rtm::‘t;: ervices
September 15, 2020 4_ (DC) | o™
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The Data Lifecycle & Impacts to the Public’s Health

Guidelines

Recommendations

Guidance Delivering actionable knowledge

Public Health Policies or
Mandates

Point of Care
Emergency Response

Public Health Departments
Community Services

KNOWLEDGE ACTION HEALTH

UPDATING IMPACTS &
SCIENTIFIC / _ A Fast Healthcare Interoperability OUTCOMES
Resources (FHIR®)
EVIDENCE
INFORMATION DATA
Analyzing data to advance evidence EARs

Data Science Registries

Analytics Public Health Info Systems

Data Linkages Community Info Systems

Data Visualization ...many potential sources




Redesigning Guideline Development and

Implementation

Q
O
N
& &
> S $
L NS S
Guidelines &0 &Q/ SO
| 10s-100s of N N O o&g
translations CDS N <</ \é\
/& [ patient Care
| >
@ “““ :“*:?:-'f:ir:::i::.':::jjjfff,,,.: ...... _
& Inconsistent (or nonexistent)
feedback loop

PROPOSED FUTURE STATE

=

Guidelines

Informatics development, translation, &
Communication implementation with early

Concurrent guideline

engagement and iteration

Implementation
Local Implementation & Evaluation

went feedback loop

Patient Care




Searchable Library

O Narrative Search
InfoButton in-Context (EHR)
=== Data Collection
“eCaseReport =
eCQMs - *' .

o Measures
=]

Lt o

One Translation
Many Ways to

Summary View

.~ - iFramein EHR

Implement It -

Computable Guideline & |

CDS service

EHR (native) EHR runs native

EHR

(enriched data,  Multiple

CDS services, integrations
eCOQMaas)



CPG-on-FHIR

Setting the standard for a new approach for evidence to practice
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Separation of Concerns

Case — patient “clinical pathophysiological
processes”, their manifestations and
qgualifications thereof

Plan — the approach to the patient’s
current, historical, and potential future
state of disease and well-being including
medical decision-making

Workflow — how the Plan is implemented
through interactions with clinical
information systems and/or through real-
world human tasks and activities




CPG Basic Components

Pathway
Plan A Strategy

u Recommendation

. Case Feature
O Derived Case Feature

Case
& Case Feature (Request)
(@==) Case Feature (Events)
o Proposal

Care Plan @ Request

. Event




Conceptual CPG Knowledge

Expressed as (Profiled) FHIR Plan Definitions + CQL

Pathway
Definition

A sraregy

D Recommendation

Care Plan

¢ Proposal
g Reqieedl
' Event

http://build.fhir.org/ig/HL7/caf-recommendations/index.html



http://build.fhir.org/ig/HL7/cqf-recommendations/index.html

CDS Reminder (Event-Condition-Action Rule)

(Profiled) FHIR Plan Definition + CQL

Pathway
Definition

Case
(summary)

. Cosw Features
O Derived Fenuras D



Clinical Quality Measure (eCQM)

FHIR Measure + CQL

Pathway
Definition

A Strategy

Care Plan

0 Proposal
Eﬁ Reguest
. Event

Case
(summary)

. Case Features

(O Derived Featsres

@0 00 .
000000 ' A
0000000

0000 000



eCase Report (Registries)
(Profiled) FHIR Composition + CQL

Pathway
Definition

Care Plan

0 Propasal

Case
(summary)

. Cose Foatures
D Derived Fenuras

Qove
O—v - — @
O¢— - -
@0
® & O
(<] ] ®
O @ _—
& @ & ol
® ICONNCD)
@) O O
Q0O @]
1900 O
I I Te]
09 ®

http://hl7.org/fhir/us/ecr/2018Sep/
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Fir-03 210-A HD3

Timeline

&, Patterson, Jeremy L Mal

Admit DX Admission Daily Management Diuresis Management Discharge
Congestive Heart Failure EF] VP CARDSJcATH] PO REHAS
Additional language about the - No JVP Since Jun 2 at Fiu vIsIT
Pathway Ccurent pathway. 11:27 AM CST
Definitiol
A smiesr gy (& W 0 =
D Recommae [
Pathway Event 9a 10a Na 12p 1p 2p 3p 4p Event Goal
) 92kg
Weight (Dry W)
Weight 05-15
Change kg/day
Care Plai
Q@ rrovosal  yine Out 3- 5 L/day
@ Roguest
@ coen Net IO's A.5 Liday
| b < B.0
e 777777 > e
4\ Critical Low i\
Case
. Cose Feah
O) Derived Fe Potassium 3.5-5.0
Creatinine <12
eGFR >80



Deep Learning & Cognitive Computing on Case Features

With Hybrid ‘Knowledge’ and a mix of Humans and Machines as Intelligent Agents

JvP 4-day R 7.9 cm/H20
Jugula high 9.1 . Today
WT 4-day < 93.2kg
Weight high 96kg Today
Cr 0.9 mg/dL
Cretinine 2/24/2019 at 3:41pm
eGFR 93 mL/mm/m2
2/24/2019 at 1107,

| | \ /I | Symbolic Al
N /
| | A .7 @ Data-driven Al

7 ,[); ) Hybrid Al




Guideline

Development
Process

Feedback, Iteration Practice =\
Governance i3
Knowledge

Local o CDS HODKS"
Engineering Informatics & infoButton
Lifecycle EHR Build s e s
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CPG-on-FHIR Hurdus " et

£ =3

EHR

55,  RESEARCH —~ —

Systematic bl = i
Reviews & :

OMOP €= FHIR i — T

Trials (RCTs) LIl =)
eCR-on-FHIR

Cohort Studies

DEQM | QM-IG

Background Information & Expert Opinion
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C19 Digital Guideline Working Group

Depa ID-1 ity ification  |secmes =
Emergency Department COVID-19 Severity Classification  [moms )
Thes fosod wass desvelopestd fio vl i desfermraneng e A g 0 FL' o 2 HPHE or RPN e
B Y T Laergensy Pisosns’ 1 ENiDENCEGAME O Wkl :
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= 0l e e pabert S Pk . S E EREEEES DT // Inclusion
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i —— 5 Fiow Rt [ iy | 1 Mome [snlomemp-n [ oMoz a1y o4 ONCOE (5 |8 or Having Covidlg - Belief in = "Suspected”)
| ]

// Exclusion
define "On Respiration Support™:

* * * IsTrue( "On Vasopressors - Is" )
|Dﬂ :ﬂ1-1 k] -] ]Dll Sgur‘rently Used Oxygen Equipment - Kind of” = "Mechanical Ventilator™
O Persisient dysgrs | O Hemophpsin Ol e LD s;urrently Used Oxygen Equipment - Kind of” = "Non Invasive Positive Pressure Ventilator™
101 Bk Facters |03 o % Rk Factors. | 01 LT Carw et ™ Szurrently Used Oxygen Equipment - Kind of" = "High Flow Masal Cannula"

// Denominator (part of)

:-'hh_ define "Initial Inferred Disposition_2 Precondition™:
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CPG-on-FHIR Example Use Case

Enabling Opioid-related Quality Improvement



Translating Knowledge to Execution

Knowledge | Description Example
Level
L1 Narrative Guideline for a specific disease that 1s written in the format of a
peer-reviewed journal article
L2 Semi- Flow diagram, decision tree, or other similar format that describes
structured recommendations for implementation (HUMAN READABLE)
L3 Structured | Standards-compliant specification encoding logic with data

model(s), terminology/code sets, value sets that is ready to be
implemented (COMPUTER/MACHINE READABLE)

L4 Executable | CDS implemented and used in a local execution environment (e.g.,
CDS that is live in an electronic health record (EHR) production
system) or available via web services

Adapted from: Boxwala, AA, et al.. A multi-layered framework for disseminating knowledge for computer-based decision support. J Am Med Inform Assoc 2011(18) i132-i139.




Requirements to Running Code

T2 — Logic T3 —Forms

T1 - Data

L1 — Narrative

L2 — Semi-Structured

L3 — Structured

L4 — Executable

Case Examples
Paper Forms
User Stories
Personas

Guideline narrative
Evidence Summaries
Tables & Figures

Glossaries
Domain Concepts
Indicator descriptions

Wire Frames
Flow Diagrams

Workflows
Decision Trees
Triggers

Terminologies
Data Dictionary
Indicators

Questionnaire (SDC)

Library (CQL)
ActivityDefinition
PlanDefinition

CodeSystem
ValueSet
StructureDefinition
Measure

User-interface Forms
Visualizations
Interaction Model

Application Services
Health Record Systems
Decision Services

Systems of Record
Registries and Exchanges
Data Services




Levels of Representation Reconceptualized

Framework for
Describing Nature of
Representation (NOT
Process)

Tradition Knowledge Engineering
Approach:

*Process Steps that mimicked
Progression of Levels-

*L2 only on Final L1

*L3 only on completion of L2

Agile KE:

*Concurrent, iterative, integrated,
and cross-functional

Different Expertise work on
Different Levels concurrently

*Knowledge Increments across
Levels

Waterfall
GDP, KE, CDS, &
Implementation

- Shared Tooling

- Shared Information

- Incremental

- Concurrent Development
- Iterative, Rapid Feedback
- Test-Driven

- Reuse Content

Agile

Integrated
Cross-functional
CPG-IG Approach




Opioid-related Projects

CDC Opioid Prescribing Guideline

onoBeoe

CIC Guideline for Prescribing Opsoids [or
Chironic Pain

CDC Opioid Prescribing I1G AHRQ Pain Management Summary Opioid eCQMs AHRQ Chronic Pain Management
S breme oty b L oo [ = a—— [r— 4] P mpnr  reai
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https://github.com/AHRQ-CDS/AHRQ-CDS-Connect-PAIN-MANAGEMENT-SUMMARY
https://ecqi.healthit.gov/sites/default/files/ecqm/measures/CMS460v2.html
https://www.cdc.gov/drugoverdose/prescribing/guideline.html
http://build.fhir.org/ig/cqframework/opioid-cds-r4

AHRQ Pain Management Summary

Brenda Jackson Total Total
9 CDS Connect (8 63 YRS  FEMALE 1 Entries 1 Flags

Recommendations Factors to Consider in Managing Chronic Pain

® Requests And Responses

. . . © TAKE NOTICE: This summary is not intended for patients who are undergoing end-of-life care (hospice or palliative) or ac
Pertinent Medical History cancer treatment.

4 o

Pain Assessments (3) Recommendations

i Historical Pain-related
" Treatments (8) @

Requests And Responses @

Risk Considerations (0)
L! ]

Name & Result Date %

Fibromyalgia (disorder)
Lumbar post-laminectomy syndrome (disorder)

Low back pain

2] Pertinent Medical History (4) ©

https://github.com/AHRQ-CDS/AHRQ-CDS-Connect-PAIN-MANAGEMENT-SUMMARY



https://github.com/AHRQ-CDS/AHRQ-CDS-Connect-PAIN-MANAGEMENT-SUMMARY

ioid eCQMs

eCQM Title Potential Opicid Overuse

€CQM Ident ) HEL eCQM Version Number 22201

Not Applicable 442edef2-7347-4080-988f-16c9d1998803
Measurement Period January 1, 20X through December 31, 203X

Measure Steward Centers for Medicare & Medicaid Services (CMS)

Measure Developer Mathematica

Endorsed By None

Percentage of patients aged 18 years and older who receive opicid therapy for 90 days or longer with no more
than a 7-day gap between prescriptions with a daily dosage of 90 morphine milligram eguivalents (MME) or more

Limited proprietary coding is contained in the Measure specifications for user convenience. Users of proprietary
code sets should obtain all necessary licenses from the owners of the code sets. Mathematica disclaims all liability
for use or accuracy of any third party codes contained in the specifications.

Copyright

CPT(R) contained in the measure specifications is copyright 2004-2019 American Medical Association. LOINC{R)
copyright 2004-2019 Regenstrief Institute, Inc. This material contains SNOMED Clinical Terms(R) (SNOMED CT[R])
copyright 2004-2019 International Health Terminology Standards Development Organisation. ICD-10 copyright
2019 World Health Organization. All Rights Reserved.

These performance measures are not clinical guidelines, do not establish a standard of medical care, and have not
been tested for all potential applications.

THE MEASURES AND SPECIFICATIONS ARE PROVIDED "AS IS" WITHOUT WARRANTY OF ANY KIND.

Due to technical limitations, registered trademarks are indicated by (R) or [R] and unregistered trademarks are
indicated by (TM) or [TM].

Measure Scoring Proportion
Measure Type Process
Stratification None
Risk Adjustment None
Rate Aggregation None

More than 100 million people in the United States suffer from chronic pain (Institute of Medicine, 2011). An
estimated 259 million opioid prescriptions to manage pain were written in the United States in 2012, approximately
half of which were written by primary care providers (Cox et al., 2018). From 2000 to 2015, mortality from opioid-
specific drug poisoning in the United States tripled, resulting in a reduction in life expectancy for non-Hispanic,
white individuals {Dowell, Haegerich, & Chou, 2016).

Although all opicids can be dangerous, chronic use of opicids at high doses are more likely to result in fatalities
Rationale and other adverse drug events (Edlund et al., 2014; Morasco et al., 2010; Atluri, Akbik, & Sudarshan, 2012;
Paulozzi et al., 2014). Recent guidelines recommend that providers use the lowest dose possible when initiating
opioid therapy and that they carefully justify prescribing doses above 90 morphine milligram equivalents (MME)
per day, considering the benefits and harms of the dose they select (Dowell et al., 2018).

In a large cohort study of almost 18 million commercially insured patients in the United States, about 15 percent of
opioid recipients received a daily dose of 100 MME or higher, and 12 percent received more than a 90-day supply
(Liu et al., 2013).

https://ecqi.healthit.gov/sites/default/files/ecam/measures/CMS460v2.html



https://ecqi.healthit.gov/sites/default/files/ecqm/measures/CMS460v2.html

AHRQ Chronic Pain Management

TRIGGER Generates
Receives message

— o Message A
. _ and launches MyPaIN
o . —

Patient visit is " Patient Partal

scheduled : § I i
phenotype ._I./J' — o
1 | =

O . - \
' MyPAIN, |
| |

PainManager
Results of S0

are saved to EHR

Climician lmeokes m -

PainManager

- {.'i‘w”'_"}‘r“&.

. * Patient receives an emall
invitation to access MyPAIN

- * Patient accesses S0

resources via MyPAIN

|
{

« Patient and cliniclan meet to
engage in 50M encounter and

decide on a treatment plan

* Clinician/health system collects
and reviews data on decision|s)
via PainhManager

* Patient records PROs via

'\\ MyPAIN to prepare for SDM
> 2
A
".

SD

h

A\7/A

SMART



CDC Opioid Prescribing 1G

Opioid Prescribing Support Implementation Guide
4,0,0 - CI Builkd

Table of Contants Homa

Ooleld Prescribing Support Implementation Gulde, published by Centers for Diseste Cantral and Prevention (CDC). This 1& not an authorized publicaticn: It IS the continwous bulld

far wersion 4.0.0). This version is based on the current content of hitps: )/ gnhub, com/oqframewarkoplcid -cds-r4) and changes regularly. See the Directary of published versions
Home
Introduction s Tntroduction
This Emplamentaticn gulde provides resources and discussion in support of applying the Cenbers for Disease Control and Presantion (COC) Opdald » Scope

Prescribing Guidelings;

& Getting 58

COC guideling for presoriting oplolds for chronic pain

This implementaticn quide was deseloped as part of the Clinical Cuuality Framewark [nitiative, a public-private partnership spansoned by the Centers for Medicane & Madicald Services
{CME) and the U5, Office of the National Coordinater for Health Infarmation Technalogy (GHC) to identify, develop, and harmonize standards for clinical deciston suppart and
elesranke oBnlcal quality measurement,

This praject 5 a jebnt &ffort Dy the Centers for Disease Control and Prevention (COC) and the QOMice of the Mational Cocrdinator Tor Health IT (0MC) fecused on IMproving processes
for the development of standardized, shareable, computable declsion support artifacts using the CDC Opicid Prescribing Guideling a5 4 model case.,

Scope

This Enplementation guide indudes supparnt far the fallowing guideline recommendations:

http://build.fhir.org/ig/caframework/opioid-cds-r4/
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Patient select
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Order exists for
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Receiving botil
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-

[ EHR Triggering Event

I calcutation Logic

[ configurable calcutation logic
[ ] Sub-routine calculation logic
[ optional Sub-routine logic
[ user interaction

Recommandation 11

Definition

Order for opboid
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ambulatary misuse
poteritial ?

Order far
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medications?

Opioid review uselul?

Bath opigid
atory use
al and
lazepine?

with

Answerto  Details
Proceed
Yes

er based on a new prescription (order) for oploid

analgesics with ambulatory misuse potential = ideally the

preseription should be selected prior to being committed to

the system.

Pravide indication either:
* The opioid prescription request is conturrent with an
active benzodiazepine prescription. Avoid prescribing

opioid pain medication and benzodiazepine concurrently

whenever possible,

benzodiazep
Eeﬁulpthnmuldhsdmd prior to being committed to

Trigger based on a mew

prescription (order) for opioids or
nes in the relevant value sets — ideally the

syitem,
Provide indication either:
= The benzodiazepine prescription request is concurrent
with an active opioid analgesic Awpid

prescribing oploid
concurrenthy
See sub-routing 1
Mew prescription is for an opioid and existing use of
benzodiazepine evident, OR
ngeﬂpﬂunlsfnrbenmdhuplnealﬂadsﬂuuﬂnf

g

oplol

prescription.
pain medication and benzodiazepine
possible.

Avoid prescribing
[ E
medication and
benzodiazepine
concurrently

Data [Terminology)

Reguirement
Opioid analgesics with
ambulatory misuse potential

Benzodiarepine medications

mﬂ analgesics with .
al misuse
;enmdl:;rpine mem

11-12

Clinicians should avoid prescribing opioid pain medication and benzodiazepines concurrently whenever possible
(recommendation category: A, evidence type: 3).

Functional Description
+ When
= Provider is prescribing an opioid analgesic with ambulatory misuse potential in the outpatient setting:
o Provider is prescribing a benzodiazepine medication
= Opioid review s useful for this patient:
= Patient is 18 or over
m Patient does not have findings indicating limited life expectancy
m Patient does not have orders for therapies indicating end of life care
m Patient is not undergoing active cancer treatment:
m Patient has had at least 2 encounters within the past yvear with any diagnosis of cancer
o Patient prescribed opioid analgesic with ambulatory misuse potential and benzodiazepine medication concurrently
s Then
¢ Recommend to avoid prescribing opioid pain medication and benzodiazepine concurrently:
= Will revise
m Benefits outweigh risks, snooze 3 months

= N/A - see comment; snooze 3 months
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L3 — Terminology

Opioid Analgesics With Ambulatory Misuse Potential

Summary

Defining URL: http://fhirorg/guides/cdc/opicid-cds/ValueSet/opioid-analgesics-with-ambulatory-misuse-potential

Version: 4.0.0
Name: Opioid_Analgesics_ With_Ambulatory_Misuse_Potential
Status: Experimental Recommandation 11
Title: Opioid Analgesics With Ambulatory Misuse Potential Definition Answerto  Details Data [Terminclogy)
Definition: All opioid clinical drugs except cough medications, antisapasmodics, or those restricted to surgical use only eurderfnrnmdh Yes Hhasad“{:nm prescription [n-rdeﬂlfor ﬂ?ld e nmrli analgesics with I
R anal 1% Wil analgesics with a at misuse p{!‘bEI'I“I =i t Al at FSuse Pﬂteﬁll‘l
injectable form. amﬁm misuse pres:,rlpliun shauld be smmd priar to being mmblrt'hed o o
potential? the system.
. . . Provide indication either:
Publisher: Centers for Disease Control and Prevention (CDC) * The wlluld prescription request is concurrent with an
: active benzodiazepine prescription. Avoid prescribing
Copyright: © CDC 2016+. opioid pain medication and benzodiazepine concurrently
whenever possible,
Order for Yes Trigger based on a new prescription (order) for opioids or  Benrodiarepine medications
Source XML / JSON / Turtle benzodiazepine benzodiazepines in the relewant value sets — ideally the
medications? prescription thould be selected prior to being committed to
Resource: the system,
Se h'maa'::mpn escription i
L] prosc requast is concurrent
References with an active opicid analgesic presc Awoid

ription,
prescribing opickd pain medication and benzodiazepine
This value set is not used concurrently wheneser possible.

Opioid review uselul?  Yes See sub-routine 1
. eyn Receiving both opioid  Yes Mew prescription is for an opioid and existing use of Opioid analgesics with
Content Logical Definition ¢ with ambulatory use benzodiazepine evident, OR ambulatory misuse potential
al and New prescription is for benzodiazepine and existing use of  Benzodiazepine medications
DEﬁnition lazepine? oplolds evident.

This value set contains 1177 concepts

All codes from system http://www.nlm.nih.gov/research/umls/rxnorm

Code Display

564334 |Alfentanil 0.5 MG/ML [Alfenta]

576376 Buprenorphine 8 MG [Subutex]

566435 | Buprenorphine 0.3 MG/ML [Buprenex]

1010601 Buprenorphine 2 MG / Naloxone 0.5 MG [Suboxone]

B L PR - S AT (A IR —



|3 — Profiles (Data Elements

StructureDefinition: CDC_MedicationRequest

Profile of MedicationReguest for use with CDC Opioid Prescribing Guidelines

The official URL for this profile is;

Recommandation 11

Definithon Answerto Detalls Data (Terminclogy)
http://fhir.org/guides/cdc/opioid-cds/Structurelefinition/cdc-medicationrequest Proceed Requirement
Order for oplosd Yes er based on a new prescription (order) for oploid Opioid analgesics with
analgesics with analgesics with ambulatory misuse potential = ideally the ambulatory misuse potential
amb-tluh?;y misuse Eewlw shauld be selected prior to being committed to
Formal Views of Profile Content potentia Provide indicaton either
* The opioid prescription request is concurrent with an
Description of Profiles, Differentials, Snapshots and how the different presentations work. %mﬁ%ﬁﬁﬁn’;ﬁﬁmﬂﬁ:ﬁ'ﬂ%“
never pas
Order for Yes based prescri der) for opioids Benzodi medications
hmmdltuﬁ?ne mw&n%&wmmuwmlmﬂy m: S
. . madications prescription shou selected prior to being commi o
Text Summary Differential Table Snapshot Table All the gystem,
Provide indication either:
= The benzodiazepine prescription request is concurrent
] ) ) ) ) with an active opioid analgesic Awoid
This structure is derived from CPGMedicationRequest s e
Opioid review uselul?  Yes See sub-routine 1
Mame Flags Card. Type Description & Constraints vith am hm e mmmgmmmmmmmﬂ mmﬁmni%:;m
._;l' MedicationRequest 0..* CPGMedicationRequest Ordering of medication for patient or ri';':m, mwhhm“h“”*“m“ﬂ e
f-.ﬁ:j medication[x] B 1..1 CodeableConcept Medication to be taken
E} dosagelnstruction B 1..1 How the medication should be taken
E] : timing B 1..1 When medication should be administered
- 1 repeat B 1..1 Element When the event is to occur
: frequency [E 1..1 Event occurs frequency times per period
period B 1..1 Event occurs freguency times per period
pericdUnit [E 1..1 g|min|h|d]|wk]|mol|a-unitof time (UCUM)
-] asNeeded[x] B

=
[y

boolean Take "as needed” (for x)
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L3 — Logic (CQL Libraries

context Patient

define "Opioid Analgesic with Ambulatory Misuse Potential Prescriptions™:
Comman."Is Opiodid Analgesic with &mbulatory Misuse Potential?"{ ContextPrescriptions )

define “"Benzodiazepine Prescriptions™:
Common."Is Benzodiazepine?"( ContextPrescriptions ) visuse potential

= actions
Patient select conclude

define "Patient Is Being Prescribed Opioid Analgesic with Ambulatory Misuse Potential™: : T

exists{ "Opioid Analgesic with Ambulatory Misuse Potential Prescriptions™ ) R

medications?

define “"Patient Is Being Prescribed Benzodiazepine™:

exists( "Benzodiazepine Prescriptions™ )
define "Is Recommendation Applicable?™: I &R Tiggerng g proscrng
. . . medicati d
"Inclusion Criteria" I Cacutation Logic beﬂlod;:%e
concurrent
and not "Exclusion Criteria” [ Conhiguable calculation logic

[ sub-routine calculation logic
[ optional Sub-routine logic
[ user Interaction

define "Inclusion Criteria™:

(

"Patient Is Being Prescribed Opioid Analgesic with Ambulatory Misuse Potential™
and exists Common."Active Ambulatory Benzodiazepine Rx™

or (
"Patient Is Being Prescribed Benzodiazepine™
and exists Common."Active Ambulatory Opioid Rx"

and Routines."Is Opioid Rewiew Useful?™

define “"Exclusion Criteria™:
Common. "End of Life Assessment™



L3 — Recommendation

"library™ : [
"http://fhir.org/guides/cdc/opicid-cds/Library/opioidcds-rec-11"
1.
"action™ : [
{
"title™ : "Existing patient has concurrent opicid and benzediazepine prescriptions.”,
"description™ : "Checking if the trigger prescription meets the inclusion criteria for recommendatic
n #11 workflow.", :
.d?cumentatiun" N | ( c:%(r%}:dse
"type" : "documentation”,
"display™ : "{DC guideline for prescribing opicids for chronic pain®,
"url®™ : "https://wew.cdc.gov/mmer/volumes/65/rr/rreselel . him?DC_An_refval=htitpskaakariaFwem . cd

€. povEIFmmmri2FyolumesE2FESE2F rri2Frreseleler. him®
Is
type™ : "documentation”, I Cacutation Logic venzocizzepine
“document”™ : { [ Conhiguable calculation logic
"'E.'*:'tEI'ISiDI‘I"' 8 [ - Sub-routine calculation logic snooze 3 months
{ [ optional Sub-routine logic

"url® : “http://hl7.org/fhir/Structurebefinition/cgf-strengthofRecommendation™, B vsor interaction

"valueCodeableConcept™ : {
"coding™ : [
{
"system™ : “http://terminology.hl?.org/Codesystem/recommendation-strength”,
"code™ : "strong®,
"display"™ : "strong"

1

T

{
"url®™ : "http://h17.org/fthir/structurepefinition/cqf-qualityofevidence”,
"valueCodeableConcept™ : {

rndine®™ - T



|3 — Recommendation (cont

"trigger™ : [

{
"type” : "named-event®,
"name” : "order-select”
y
1,
"condition™ : [
{ " Do both
"kind" : "applicability”, A
"expression® : { ; -

"description™ : "Check whether the existing patient is using opicids concurrently with benzodl
azepines."”,
"language™ : "text/cql.identifier”,

"expression™ : "Is Recommendation Applicable:?”™
y
Avoid prescribing
¥ [ B4R Triggering Event opioid pain
_ _ MBI Bengfits outweigh
] 4 - Calculation Logic _ ] biréﬁgrarzez;lu;e
"groupingBehavior® : "visual-group”, [ Configurable calculaion logic TE—
"selectionBehavior” : "exactly-one”, [ Sub-routine calculation logic snoozee-rmnms
"dynamicvalue™ : [ [ optional Sub-routine logic
User Interaction
{ [

"path® : "action.description”,
"expression® : {
"language™ : "text/cql.identifier®”,
"expression® : "&et Detall”
y
Is
{
"path™ : "action.title”,
"expression™ : {
"language™ : "text/cql.identifier”,
"expression™ : "Get Summary™

1



CQL Ingestion Integration

Clinical Reasoning-enabled EMR/CDR
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CDS Hooks Integration

Clinical Reasoning Implementation
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For guestions or more information please contact:
Maria Michaels — maria.michaels@cdc.gov
Matthew Burton — matthew.burton@apervita.com
Bryn Rhodes — bryn@databaseconsulting.com

For more information, contact CDC
1-800-CDC-INFO (232-4636)
TTY: 1-888-232-6348 www.cdc.gov

The findings and conclusions in this report are those
of the authors and do not necessarily represent the
official position of the Centers for Disease Control

and Prevention.

(.

4 S L.5. Department of
£ _/ |CDC| Health and Human Services
! C' | Centers for Disease

\ , Control and Prevention
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Integration of Expert Systems in

Clinical Radiology: NIH Perspective

Ronald M. Summers, M.D., Ph.D.

Senior Investigator

Imaging Biomarkers and CAD Laboratory
Radiology and Imaging Sciences
NIH Clinical Center, Bethesda, MD

github.com/rsummers11
www.cc.nih.gov/drd/summers.html
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Opportunities

Integration of lab results, omics, medical record
Routine automated quantitation

Triage and critical result monitoring

Prognosis prediction

Global health

Opportunistic screening



Broad Scope of Applications

Detection (Lung nodules, TB, Breast masses)
Segmentation (organ & lesion volumetrics)
Quantification and measurement (RECIST)
Workflow optimization (CXR & ICH triage)
Image reconstruction (Accelerated MRI)

NLP of reports

Youbao Tang et al. MICCAI 2018



Universal Lesion Detector

Yan et al. MICCAI 2018



Comprehensive Spine Oncology Analysis

O’Connor et al. Radiology 2007; Yao et al. JMI 2017;
Burns et al. JBMR 2020




Large-scale Body Composition Analysis

CT scan images from original screening study

Visceral-to-subcutaneous  Muscle density (HU)at  Meanvolumetricliver  Aortic calcification Vertebral trabecular
fat ratio at L1 level L3 level density (HU) score (Agatston) from  density (HU) at L1
1114

Pickhardt et al. Lancet Digital Health 2020



National Institutes of Health
Turning Discovery Into Health

Health Information Grants & Funding News & Events Research & Training

Home » News & Events » News Releases

NEWS RELEASES

VEGIEW-GCV I/ \Vednesday, September 27, 2017

NIH Clinical Center provides one of the largest publicly
available chest x-ray datasets to scientific community

The dataset of scans is from more than 30,000 patients, including many with advanced lung
disease.




ChestX-ray8 Dataset

https://nihcc.app.box.com/v/
ChestXray-NIHCC

“ChestX-ray8 Dataset”

112,120 frontal-view chest
radiographs, 30,805 unique patients

42 GB
Metadata for all images
Bounding boxes for 1000 images



https://nihcc.app.box.com/v/%20ChestXray-NIHCC

Case Study:
Prostate Cancer Detection

PI-RADS Score For Each Reader

Reader 1 : 3 4 5 6

CAD 1 1 2 4 ND 2

MRI ND ND ND 3 3 ND ND ND
*ND= Not Detected

7 8

4 ND 22 23
PIRADS Score

Greer et al. Eur Radiol 2018



Challenges & Questions

True Contrast CT  Synthetic Non-Contrast CT

Interpretability / explainability
Brittleness

Domain shift

Ethics / Trustworthy Al

Sandfort et al. Sci Reports 2019



Challenges & Questions

Dataset annotation is expensive; how to do it
much more cost-effectively?

Multi-institutional data; how to get it?

Radiologists can diagnose 1000’s of
diseases; how to do this with ML?

Radiologists can do “one-shot” learning, e.g.,
for rare diseases; how to do this with ML?
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E-mail: rms@nih.gov
www.cc.nih.gov/drd/summers.html
qithub.com/rsummers1

X Wang et al. RSNA 2016
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Deep Medicine

Generating insights into complex disease
patterns, risks and treatment effects

Dr. Dexter Canoy
University of Oxford
dexter.canoy@wrh.ox.ac.uk
http://deepmedicine.medsci.ox.ac.uk/



mailto:dexter.canoy@wrh.ox.ac.uk
http://deepmedicine.medsci.ox.ac.uk/

Deep Medicine Research Programme

An overview

Approach
Data: large-scale, complex data
Methods: Established analytics and machine intelligence

People: Interdisciplinary team (clinical medicine, epidemiology, data
science, computer science/engineering)

Research aimed at generating insights to
Predict the risk of developing chronic disease

Assess consequences of chronic diseases and their clustering
(multimorbidity)

|dentify best practices and interventions



UK electronic health records (EHR)

* 97% of UK population are registered with a general practice as
part of the National Health Service

* Primary care EHR linked to national databases for mortality,
hospitalisations, and various disease registries

 Clinical Practice Research Datalink (www.cprd.com)

« Data preparation/pre-processing — transforming raw data into
meaningful markers (‘phenotyping’) using advanced algorithms
« Data are highly imbalanced

* Handling multi-modal data: irregular patient visits, numerous medical
concepts, and non-numerical information

d  "Minimal processing’


http://www.cprd.com/

Machine intelligence as applied in EHR data analysis

1. EHR, longitudinal data, and single risk factor
« Long-term SBP in incident CVD risk prediction
2. Machine learning models and multiple predictors
* Emergency admission prediction
3. Deep learning — which model?
« Comparing performance of different models as applied to a single dataset
4. BEHRT model
 Incorporating richness and complexity of EHR
5. BEHRT and some applications (ongoing work)
« Risk prediction
« Measuring uncertainty
« Improving interpretability
6. Non-negative matrix factorization techniques
« Multimorbidity — disease cluster and progression



Machine intelligence as applied in EHR data
analysis

1. EHR, longitudinal data, and single risk factor
« Long-term SBP in incident CVD risk prediction



Long-Term Exposure to Elevated Systolic Blood Pressure in Predicting
Incident Cardiovascular Disease: Evidence From Large-Scale Routine

Electronic Health Records

Jose Roberto Ayala Solares, PhD; Dexter Canoy, MD, PhD; Francesca Elisa Diletta Raimondi, PhD; Y ajie Zhu, PhD; Abdelaali Hassaine, PhD;
Gholamreza Salimi-Khorshidi, DPhil; Jenny Tran, MD; Emma Copland, M3c; Mariagrazia Zottoli, MSc; Ana-Catarina Pinho-Gomes, MD;
Milad Mazarzadeh, M3c; Kazem Rahimi, FRCP

Covariates (sex, smoking, deprivation &
diabetes) + current SBP

Covarigtes + lipids (iotal, LDL and HDL
cholesteral) + current SBP

Covariates = lipids + usual SBP-pRD
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Machine intelligence as applied in EHR data
analysis

2. Machine learning models and multiple predictors
 Emergency admission prediction



Predicting the risk of emergency admission with machine learning using

linked EHR

Model discrimination
for different predictor
sets and modelling
techniques:
Validation cohort.

Model calibration for
different predictor
sets and modelling
techniques.

Rahimian F, et al. PloS
Med 2018;15:€1002695

1.0

=
o

b
B

Fractiom of actual admissions

[=]
Pt

b
=
1

Predictor set Model

CPH RF GBC
QA 0.736 0.736 0.796
QA+ 0.743 0.799 0.810
T 0.788 0.810 0.826

Predictor set T and GBC modelling constantly perform better than their counterparts. The results conform to the
pattern observed in internal cross-validation.

CPH, Cox proportional hazards; GBC, gradient boosting classifier; RF, random forest.

https://doi.org/10.1371/journal.pmed.1002695.t004
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Machine intelligence as applied in EHR data
analysis

3. Deep learning — which model?
« Comparing performance of different models as applied to a single dataset



Table 7

Comparison for the Demographics + Diagnoses + Medications scenario (Emergency Admission).

Muodel ATTROC AUPRC F1-Score
eNREM 0.831 (0.831-40.832) 0.071 (0.071-0.071) 0.063 (0.062-0.063)
Deep Patient 0.813 (0.B13-0.813) 0.060 (0.060-0.061) 0.059 (0.059-0.059)
Deepr 0.829 (0.828-0.831) 0.069 (0.067-0.071) 0.131 (0.118-0.144)
RETAIN 0.847 (0.8B45-0.849) 0.083 (0.082-D.083) 0.153 (0.151-0.154)
BOW + LR 0.646 (0.5760.717) 0.019 (0.015-0.023) 0.054 (0.046-0.063)
REM 0.840 (0.840-0.840) 0.072 (0.072-0.073) 0.066 (0.066-0.066)

«Data represented as:

Mean (95% Confidence Interval).

Table 8
Comparison for the Demographics + Diagnoses + Medications scenario (Heart Failure).
Muodel AUROC AUPRC Fl-Score
eNREM 0.920 (0.920-0.921) 0.020 {0.019-0.021) 0.014 (0.014-0.014)
Deep Patient 0.947 (0.947-0.948) 0.040 (0.039-0.041) 0.023 (0.022-0.023)
Deepr 0.949 (0.947-0.952) 0.039 (0.032-0.046) 0.085 (0.049-0.120)
RETAIN 0.950 (0.946-0.954) 0.054 (0.053-0.056) 0.117 (0.098-0.136)
BOW + LR 0.682 (0.613-0.752) 0.006 (0.002-0.009) 0.019 (0.011-0.027)
REM 0.917 (0.917-0.917) 0.023 (0.022-0.023) 0.014 (0.014-0.014)

= Data represented as:

Mean {95% Confidence Interval).

Ayala Solares, et al. J Biomed Informatics, 2020; 101: 1033



Machine intelligence as applied in EHR data
analysis

4. BEHRT model
 Incorporating richness and complexity of EHR



BEHRT: Transformer for Electronic Health Records

Bidirectional electronic health records transformer
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BEHRT: TRANSFORMER FOR ELECTRONIC HEALTH RECORDS

Bidirectional electronic health records transformer

Li Y, Rao S, et al. Sci Rep 2020;80:7155

A deep neural sequence transduction model for EHR, capable of simultaneously predicting
the likelihood of 301 conditions in one’s future visits.

Model Name | Next Visit (APS|AUROC) | Next 6 M (APS|AUROC) | Next 12 M (APS|AUROC)
BEHRT 0.462(0.954 0.525(0.958 0.506(0.955
Deepr 0.360]0.942 0.393|0.943 0.393|0.943
RETAIN 0.382]0.921 0.417)0.927 0.413|0.928
Table 1. Model performances in the prediction tasks.
Model Name | Next Visit (APS|JAUROC) | Next 6 M (APS|JAUROC) | Next 12M (APS|AUROC)
BEHRT 0.216/0.904 0.228|0.907 0.226|0.905
Deepr 0.095|0.800 0.104]0.814 0.0980.805
RETAIN 0.108|0.836 0.115]0.845 0.109(0.836

Table 2. Model performances in the prediction tasks - First Incidence of Diseases.




Machine intelligence as applied in EHR data
analysis

5. BEHRT and some applications (ongoing work)
« Risk prediction
* Measuring uncertainty
* Improving interpretability



Ongoing work

Incorporating more ‘features’ in the EHR
Using BEHRT model in disease predictions

Uncertainty estimation (Li Y, et at.
arXiv:2003.10170v1)

Interpretability
Multimorbidity trajectories and outcomes



Machine intelligence as applied in EHR data
analysis

6. Non-negative matrix factorization techniques
« Multimorbidity — disease cluster and progression



Learning multimorbidity patterns from EHR using non-negative matrix factorisation
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Duke Institute for Health Innovation =

Our Mission: Catalyze health innovation

Catalyze through high-
iImpact 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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Health Care Possibility Frontier

High Quality Services
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DIHI : We dare to do it @ Duke!

® Explore the horizon
® Enable others to operate at the horizon

® Expand the horizon
® Help define the next horizon

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 3

O Innovation as self-service model at Duke -
anyone at Duke should be able to 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
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RFA

Innovation

Pilots

Sourcing Innovations: Structured and

Opportunistic

DIHI RFA approach

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

innovations

@ﬁﬂf@]@ﬁ@] red

7

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

20+ 250+

Innovation Pilots Proposals

Years

Catalyzing
Innovations

Unstrustureel

AY;

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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for Health Innovation

RIFA 2021

All faculty, staff, students and trainees are invited to submit
novel ideas to:

£} Improve value of care through novel £} Enhance provider and staff experience
strategies and well-being

{} Create digital solutions for care and £} Accelerate population health solutions
monitoring (home monitoring, and strategies
wearables etc.) {} Enhance patient engagement and

£ Advance health equity experience

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

Applications Due : Midnight, Friday, October 9, 2020.

YW @dukeinnovate
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DIHI Spectrum of Value Creation

Enhancement

Pre-Operative Optimization PrEP for HIV
Mortality Models . . ePRO for
(inpatient /30-day) High-utilizer dashboard Home BMT Cancer Patients
ST Complex Care Plans Pallialytics Sickle Cell - Selfie App

Procedure Safety

Index Admissions with
MSSP

High Value Analytes

Cancer Distress Coach

Medication Safety

Readmissions
(Social Drivers for HF)

PSA Screening Tool

Autism and Beyond

Early Detection of
Deterioration

SNF transition

CKD
population health rounding

Voices of Duke

Technology Infrastructure

Inpatient o . Outpatient/ Patient &
. Transition Setting . .
Innovations Gaps in Care Community

Research

AY;

Medical Students Scholarship

Data Science in Health masters
course in BME

Summer Fellowship in Data
Science

Case Studies and Data Camp

Journal Club

Immersion in innovation
and data science

Education and Training

Duke Institute for Health Innovation [ DIHI ] — Spectrum of value creation across the ecosystem
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Sepsis

 Most common cause of in-hospital deaths in the United States
« 20% of all global deaths (49 million incident cases per year, 11 million

deaths per year)
* At Duke, 68% of sepsis cases occur within 24 hours of presenting to

hospital
~20 cases per day, ~2 deaths per day
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“The Human Body is a Black Box”

2016 Visual Aid 2019 Visual Aid
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The Challenge )

» Sepsis as a label is not explainable or interpretable to clinicians
(even experts)

* Urgency to improve the detection and management of a deadly
condition
— Once diagnosed, implement guideline-recommended care
* Needed broad adoption by front-line clinical staff, health system
leadership, and medical community

— 3 hospitals, nearly 2,000 hospital beds
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The Challenge =

» Sepsis as a label is not explainable or interpretable to clinicians
(even experts)

% Given the circumstances,
what are the best strategies
@ to build trustworthiness and

accountability with various
stakeholder groups?
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STRATEGIES

To PROMOTE
TRUSTWORTHINESS,
TRANSPARENCY, &
ACCOUNTABILITY

Problem
formulation

Stakeholder
relationship
building

Stakeholder
feedback loops

Upholding
professional
discretion

Idea generation
& resource gathering

Problem-based project
selection; Clinician
initiated and led

Stakeholder mapping;
Multiple modes of
stakeholder engagement
leveraged; Close clinical
collaboration

IRB approved research
protocol; Data-safety
monitoring board created;
Multi-disciplinary team
assembled;

Explicit goal: to augment,
not replace clinicians

Model development &
validation

Local and context-
specific training data
used; Local monitoring
& validation by
clinicians & dev team

Sustained engagement
with ML researchers;
Close clinical
collaboration

Local monitoring &
validation by clinicians
& dev team

Local monitoring &
validation by clinicians
& dev team

Tool design,
development &
evaluation

Iterative tool
refinement with
stakeholders;
Recognition of socio-
technical dimensions

Full time role created
to support integration;
Sustained engagement
with tech vendors;
Close clinical
collaboration

Regular meetings to
create space for
feedback; Trial “silent
phase” integration

Designed as an
“algorithm in the
loop”; Register clinical
trial and report
olftcomes

Workflow development,
integration
& education

Boundaries of appropriate
use defined;
Infrastructure and testing
to meet enterprise user
requirements

Stakeholder capacity-
building around tech
literacy; Close clinical
collaboration

Multi-stakeholder
governance committee
established; Full time role
manages and supports
project integration

Elevate the work and
expertise of integrating
the tool into clinical care

Handoff, maintenance
& improvement

Tool usage limited to
original boundaries of
intervention; Ongoing
monitoring of relevant
clinical research

Collaborating with existing
institutional performance
monitoring; Close clinical
collaboration

Ongoing technical
monitoring by dev team;
Multi-stakeholder
governance committee
oversight

Multi-stakeholder
governance committee
draws on multiple forms of
expertise; New projects
initiated!
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Problem-based project
selection; Clinician
initiated and led

# of encounters

Median length of
stay in days (lower-
upper quartiles)

Inpatient mortality
rate (%)

ICU requirement
rate (%)

Antibiotic
administration rate
%

IV fluid
administration rate
%
Vasopressor
administration rate
(%)

SIRS 22 +
SIRS 22 +
SIRS22+ |  cuture = blood gsoFaz2 |  'CP
SIRS 22 FA 22 any ordered + c:ltu:’a + + any diagnosis SIRS 22 +
930FA ::‘dI::::i element of :ILI:;:“ of ::::l:: ass?cttl:te “ bacteremia
dorgan organ with sepsis
ushbls.. o damage
32928 14327 13358 9184 7110 2884 1419
5.9 6.4 8.3 7.5 11.0
4.6 6.9 7.3

(3.2- (3.7- . (4.5- (4.1- (5.9-

(2881) {57 12q) (39128) [ 4.1-146) | o7 154  237)
3.7% 6.7% 6.9% 7.4% 9.7% 12.6% 16.3% 15.0%
213% 32.0% 28.7% 30.0% 34.5% 45.0%  46.4% 38.9%
624% 69.0% 82.8% 83.2% 90.0% 85.5% 98.5% 97.8%
38.0% 37.8% 47.4% 48.5% 56.7% 49.6% 86.7% 67.1%
10.2% 171%  15.0% 16.0% 19.4% 27.3% 32.8%  28.8%

Total

43046

4.0
(2.4-7.0)

2.9%
18.9%
63.2%
42.4%

9.6%
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Dataset
« 42,000+ inpatient encounters at Duke Hospital
over 14 months, 21.3% with a sepsis event; no

Local and context-

specific training specific inclusion/exclusion criteria.
data used « 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).

« 32+ million data points: 25 million vital sign
measurements, 2 million med admins and 5.2
million labs.
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User Interface __  Clinical
Design Informatics
N\
Machine Data
Learning Engineering

Stakeholder mapping;
Multiple modes of
stakeholder

engagement
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Problem-based project
selection; Clinician

initiated and led

[ User Interface ]

m ................................. } Leverage Sepsis Care Team
| RRT nurses and hospitalists
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i high risk through treatment
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{7 SEPSIS WATCH +

Last updated a few seconds ago.

for Health Innovation

1] SEPSIS WATCH #

Last updated a few seconds ago.

SCREEN

M3G4NAC - Reeves,L- 72 F

Iterative tool

refinement with

AHDABVR - Burroni, L - 80 F
Bed 382

STOP BUNDLE

T37.7:- P63 BP 119/66 - MAP 194 - R Uink
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3 Hour Bundle & Hour Bundle

: | . (|
SEP  Bed 197 - Admit 9/24 05:33 AM MONITOR stakeholders éi:;:: i ;fep:? 'Lr::?m .
T37.9-P69-BP111/70-MAP 2 -R22 TREAT [ Blood Cultures 0 Vasopressors @
a O Antibiotics & Volume Assessment @
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MONITOR
TREAT

() Met sepsis criteria 9/24 06:01 AM

Last updated a few seconds ago.

6ZLNCS - Pearce, B- 77 M

SEP  Bed 880 - Admit 9/24 06:01 AM
T38.1-PUnk-BP117/61 - MAP 22 - R 24

SCREEN

TREAT

& Moved to Sepsis Bundle Today at 7:56 AM
= Sepsis Bundle disposition after Today at 1:56 PM

BJPRZ1K - Cunningham, L - 72 F

Bed 504 - Admit 0/24 06:39 AM

T37.8- P Unk - BP 109/75 - MAP 95 - R 24
WBC 7.3 - Lactate 2

| STOP BUNDLE

| ADMINISTERED

.. e e . » [+] Chart Review [+] called MD
{0 Suuvi izomaw alma tisiize wisij mungigret jilepo —— called Nurse e e me
2:08 remaining 5:.08 remaining
SCREEN &) Met sepsis criteria 9/24 06:49 AM O Lactate U Repeat Lactate @
HIGH VOCFODM - Cobb, | - 64 F Ol Blood Cultures [ Vasopressors
) Bed 190 - Admit 9/24 06:14 AM MONITOR [ Antibiotics € Volume Assessment @
T38.0-P67-BP106/63 - MAP 184 - R 23 OV Fluids @

TREAT

1B Sepsis Bundle Disposition at 9/23 12:47 AM

Triage

Monitor

8 Moved to Sepsis Bundle Today at 7:42 AM
2 Sepsis Bundle disposition after Today at 1:42 PM

Treat

IMIIateu:
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Maodel Facts Model name: Deep Sepsis Locale: Duke University Hospital Bou ndaries of
Approval Date: 09/22/2019 Last Update: 09/24/2015. Version: 1.0 appropriate use defined
Summary

This model uses EHR input data collected from a patient’s current inpatient encounter 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
*  Dutcome .. s SEPSIS Within the next 4 hours, see [1) for sepsis criteria .
*  Qutput ....... 0% - 1009% probability of sepsis ceeurring in the next 4 hours Wa rnings
* Patient popUlItion ... 3l 3dult patients >18 y.o0. presenting to DUH ED and admitted = General warnings: This model was not trained or evaluated on patients receiving care in the ICU. Do

=  Time of prediction .. every hour of a patient’'s encounter

« Input data source. ..electronic health record (EHR) not use this model in the ICU setting without further evaluation. This model was trained to identify
*  Input data type . ~.demographics, analytes, vitals, medication administraticns the first episode of sepsis during an inpatient encounter. During long inpatient stays with multiple
: ::""'"‘ 4583 020N 30 NE-PEHO - DUH, 10/2014 - 12/2015 sepsis episodes, model accuracy needs to be further evaluated. The model is not interpretable and
. OE] BB s s s s DECURTENE Neural Netwaork ) i ) ) o
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.

Validation and performance ]
| Prevalence | AUC | PPV @ Sensitivity of 60% | Sensitivity @ PPV of 20% |

| Local Retraspective | 18.9% 0.88 |04 0.50 = Examples of inappropriate decisions to support: This model may not be accurate outside of the
Local Tempaoral [ 6.4% |08 | 0.20 0.66 , target population, primarily adults in the non-ICU setting. This model is not a diagnostic and is not
| Local Prospective | TBD (TBD | TBD | TBD

designed to guide clinical diagnosis and treatment for sepsis.
= Discontinue use if: Clinical staff raise concerns about utility of the model for the indicated use case
or large, systematic changes occur at the data level that necessitates re-training of the model.

| External | TBD |TB0 | TBD | TBD

Uses and directions
= (Operational use casels): Every hour, data is pulled from the EHR to calculate risk of sepsis for every
patient at the DUH ED. A rapid response team nurse reviews every high-risk patient with a physician

in the ED ta confirm whether or nat to initiate treatment far sepsis. Other information:
= General use: This mu.::de-l is intendgd to be used to by clinicians to u:?entiﬂ' patients for.furthe: . =  QOutcome Definition: http5 ;,ﬂ'fdﬂi.orgj'lﬂ. 110 1;’5439 07
assessment for sepsis. The model is not a diagnostic for sepsis and Is not meant to gulde or drive . N
clinical care. This model is intended to complement other pieces of patient information related to * Related model: http://doi.org/10.1001/jama.2016.0288
sepsis as well as a physical evaluation to determine the need for sepsis treatment. = Model development & validation: arxiv.o FE;"'EI bel?UE.USEBﬂ-
#  Examples of appropriate decisions to support: Patient ¥ has a high risk of sepsis according to the . PO .
model. A rapid response team nurse discusses the patient with the ED physician caring for the - M:'-:IE’E' lrt'{plem!ar?tatlcrn. jmir.org/preprint/15182
patient and they agree the patient does not require treatment for sepsis, = (Clinical trial: clinicaltrials.gov/ct2/show/NCT02655626
=  Before using this model: Test the model retrospectively and prospectively on local data to confirm = Clinical impa:t evaluation: TBD
generalizability of the model to the local setting. . .. o . . .
= Safety and efficacy evaluation: Analysis of data from clinical trial (NCTO3655626] underway, = For inguiries and additional information: pIEEEE email mark.sendak@duke.edu

Preliminary data shows rapid response team, nurse-driven workflow was effective at improving
sepsis treatment bundle complisnce, I
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“And it’s cool you
know, Iit’s a totally new
job title under the RRT
role. And a new
responsibility and one |
welcome.”

- RRT interviewee [Zmreyx

integrating the tool
into clinical care
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To PROMOTE
TRUSTWORTHINESS,
TRANSPARENCY, &
ACCOUNTABILITY

Problem
formulation

Stakeholder
relationship
building

Stakeholder
feedback loops

Upholding
professional
discretion

Idea generation
& resource gathering

Problem-based project
selection; Clinician
initiated and led

Stakeholder mapping;
Multiple modes of
stakeholder engagement
leveraged; Close clinical
collaboration

IRB approved research
protocol; Data-safety
monitoring board created;
Multi-disciplinary team
assembled;

Explicit goal: to augment,
not replace clinicians

Model development &
validation

Local and context-
specific training data
used; Local monitoring
& validation by
clinicians & dev team

Sustained engagement
with ML researchers;
Close clinical
collaboration

Local monitoring &
validation by clinicians
& dev team

Local monitoring &
validation by clinicians
& dev team

Tool design,
development &
evaluation

Iterative tool
refinement with
stakeholders;
Recognition of socio-
technical dimensions

Full time role created
to support integration;
Sustained engagement
with tech vendors;
Close clinical
collaboration

Regular meetings to
create space for
feedback; Trial “silent
phase” integration

Designed as an
“algorithm in the loop”,
Register clinical trial
and report outcomes

Workflow development,
integration
& education

Boundaries of appropriate
use defined;
Infrastructure and testing
to meet enterprise user
requirements

Stakeholder capacity-
building around tech
literacy; Close clinical
collaboration

Multi-stakeholder
governance committee
established; Full time role
manages and supports
project integration

Elevate the work and
expertise of integrating
the tool into clinical care

Handoff, maintenance
& improvement

Tool usage limited to
original boundaries of
intervention; Ongoing
monitoring of relevant
clinical research

Collaborating with existing
institutional performance
monitoring; Close clinical
collaboration

Ongoing technical
monitoring by dev team;
Multi-stakeholder
governance committee
oversight

Multi-stakeholder
governance committee
draws on multiple forms of
expertise; New projects
initiated!
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Sendak, M. P., D’Arcy, J., Kashyap, S., Gao, M., Nichols,
M., Corey, K., et al. (2020). A Path for Translation of
Machine Learning Products into Healthcare Delivery. EMJ
Innovations. http://doi.org/10.33590/emjinnov/19-00172

Problem

Design & Develop

1

Setting and Funding

- Industry (generally self-funded or industry partnerships)
- Academia (generally university-funded)

- True Start-Up (generally self-funded, angel seed investors)

- Philanthropy (e.g. Gordon and Betty Moore Foundation)
- Government (DOD, DARPA Funding)

Continuing Monitoring & Maintenance

workflow improvements
- Adoption shown to be

|
¥
2
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Clinical Utility | t*:“""?'
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|
3
e Product
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Diffuse & Scale |—@

Deployment Modalities

- Fully integrated EHR services
e.g. EPIC or Cerner plug-ins
- Partially integrated EHR services
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= Standalone Models
e.g. Kidney Foilure Risk Equation, MDCalc

Data Types and Sources useful and natural g Funding (Product)
Retrospective or Prospective; (=] e - Self-funding (e.g. eCart)
- Internal (e.g. Group A team with Group A data) E Technical E - Partnerships with industry (e.g. Kensci)
- External (e.g. Group A team with Group B data) s i Q Integration e - Government grants (e.g. NHS with
- Public [e.g. Group A team with Public data) _5;:312:::31}':?::'_“ efficacy : Statistical Validity H Deepmind/Streams)
3 gl g e r— - Acquisition (e.g. Google acquired Streams)
1 4 - Large and diverse initial training set 1] b 3
Typical Team Progression . Ralwiah ndats E Ll - Health-tech incubators (e.g. MATTER)
Individual idea -> Initial Collaboration -> Interdisciplinary .E.J Drivers of Adoption
[ == 0 :
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Productize Existing Model Economic Utility Integration ks :rki:;; el

i g - Prospective demonstration Economic Validity - Reimbursement and payment models
Existing models can be translated into novel models - Retrospective demonstration - Strateaic diHErentiatiF;n?
to rapidly develop new products PR fue programs

- |
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Building a Data Science & Innovation Network =

Health System Learning Network

» Rapid and continuous integration and evaluation ,Q Jefferson Health.
Of data SCience and machine |earning HOME OF SIDNEY KIMMEL MEDICAL COLLEGE
technologies and innovations across sites P

« Unified, EHR agnostic infrastructure to integrate QY/UH'-:H':“‘:“E
into operational IT systems

* Close collaboration between IT, clinical, and Penn Medicine
operational leaders 2

» Funding opportunities through federal agencies &M KAISER PERMANENTE.

and sponsored research studies s. kK.d ®
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Academic Output

» Sepsis Watch model manuscripts
— https://arxiv.org/abs/1706.04152
— https://arxiv.org/abs/1708.05894
— https://academic.oup.com/jamiaopen/article/3/2/252/5819230

» Sepsis Watch implementation manuscripts
— https://medinform.jmir.org/2020/7/e15182/
— https://dl.acm.org/doi/abs/10.1145/3351095.3372827

* Machine learning best practices manuscripts
— https://www.nature.com/articles/s41591-019-0548-6
— https://www.nature.com/articles/s41746-020-0253-3
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Future Directions for CDS

* Big data or better quality of data?
» Data quality and data validation process
* Heterogeneous data aggregation
* Robustness and generalization
* Medical errors and health disparity

e Decision support to improve health outcome

* Under stress and time constraints
* Emergency medicine, ICU, ER
* Personalized intelligent assistant / cognitive assistant



Healthcare Cognitive Assistants (HCA)

A Review of Cognitive Assistants for Healthcare: Trends, Prospects, and Future Directions, ACM CSUR, 2020

spreum@andrew.cmu.edu

Care recipient Care provider
-At-risk patients Preventative ] N
medicine : Caregivers & families-
-Patients with a Home . .
chronic illness healthcare Diagnosis Hospital staffs-
Radiologists-
-Patients with E
Post- mergency
acute illness operative healthcare Emergency-
I responders
-Healthy patients Nurses-
-Elderly Remote Tele- General-

monitoring medicine practitioners

-Children

Physiotherapists-

-Families

Rehabilitation )
-Athletes Psychotherapists-
-Pregnant women Surgeons-
-Rural communities @ Specialist doctors-
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Healthcare Cognitive Assistants (HCA)

-

G ET\2 * Adaptive to user's behavior
= Adaptive to user's action
* Adaptive to user's need
* Adaptive to environment

Neuro-symbolic Al
q * Modeling technique
C:::Zt « Data-driven Knowledge Extraction
and representation

* Temporal context
+ Spatial context
* User context
+ Environmental context * Entity of interaction
* Mode of interaction
* Verbal
Features of HCAs = Nonverbal
+« Natural interaction |
\: Proactive or reactive interaction j

spreum@andrew.cmu.edu
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CDS frame problem as clinician medical error; they love
alerts! Clinicians NOT motivated to use CDS.



People love things that help them becoming the person they
desire to be.



Data from one family’s activities for 6-months: routines and deviations

More than 90% of days are not routine
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The future of Clinical Decision Support

[ Scheduled Deviation
I Unscheduled Deviation
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Person-place-time-view

Prevents forgetting children

Data Ground Truth Sensor
Sources Interviews GPS /
Time ’ Activities D Location Person
State
Lateness Model 2 Model 1
Driver 4 ' Ride
Prediction Recognition
it at Model 3
Destination . F T
Prediction c-r‘go Gl
Child
Prediction
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Quality of EHR data is often poor. Data is sparse,more
oriented towards billing than health.



Data-driven innovation has transformed innovation in the
tech community.



CDS frame problem as clinician medical error; they love
alerts! Clinicians NOT motivated to use CDS.

Quality of EHR data is often poor. Data is sparse,more
oriented towards billing than health.

CDS support textbook cases. Machine intelligence helps
with cases where clinicians need the least help.



People love things that help them becoming the person they

desire to be.
Data-driven innovation has transformed innovation in the

tech community.
Al great for automating repetitive, procedural tasks.



CDS frame problem as clinician medical error; they love
alerts! Clinicians not motivated to use CDS.

Quality of EHR data is often poor. Data is sparse,more
oriented towards billing than health.

CDS support textbook cases. Machine intelligence helps
with.cases where clinicians need the least help.
Interactions with EHR reduce rapport with patients.



People love things that help them becoming the person
they desire to be.

Data-driven innovation has transformed innovation in the
tech community.

Al great for automating repetitive, procedural tasks.
Great healthcare involves clinicians, patients, andinformal
caregivers.



Vision of
the Future



' Medical
@ Decisions




Patient ' ' Medical

Decisions

Experience @




Patient ' ' Medical

Experlence Decnsnons

/

Co-worker
Interactions



Patient ' ' Medical

L
R

Co-worker Quality Data
Interactions ’ U&ction

Decisions

- 4
N\




Patient ' ' Medical

Experience

Automate \ @
Most Repetative

Procedural

Work /

Co-worker Quality Data
Interactions ’ U&ction

Decisions

.
N\




Patient ' ' Medical

Experience @ Decisions
Automate / Data Driven
Most Repetative Innovation w/
Procedural A/B Testing
Work / \ Medical + Service

Co-worker Quality Data
Interactions ’ U&ction



Moving Beyond
Decision Support

John Zimmerman
Tang Family Prof of Al and HCI
Carnegie Mellon University




	Clinical Decision Support
	Housekeeping: Steps for Joining the Meeting
	Housekeeping cont.

	National Academies of Medicine Report: Optimizing Strategies for Clinical Decision Support
	Project Background
	Planning Committee Members
	Developing Priorities for Action
	Workgroups
	Priorities for Action
	Priorities for Action
	https://nam.edu/optimizing-strategies-clinical-decision-support/

	AHRQ: Interoperable CDS to Support Dissemination and Implementation of New Clinical Knowledge: Evidence from Two Pain Management Projects
	Agenda
	AHRQ’s Introduction to the Shareable Clinical Decision Support Pain Management Projects
	AHRQ Clinical Decision Support
	Vision for the Future
	Pain Management Contract Aims
	Brief Introduction to the Individual Projects

	Clinical Decision Support (CDS) for Chronic Pain Management
	Opioid Tapering
	Task Overview
	Application of Human Factors Engineering Methods
	Application Flow
	EHR Patient Data Screen
	Create a Taper
	Non-Opioid Pain Screen
	Application Flow
	Patient Home Screen
	Slide Number 29
	Data Visualization
	Patient Engagement
	Application Flow
	Provider Dashboard
	Implementation
	Challenges to Date & Anticipated Challenges
	Acknowledgment

	Shareable Clinical Decision Support for Chronic Pain Management (CDS4CPM) to Promote Shared Decision-Making
	Aim to Use CDS that Promotes Shared Decision-Making (SDM)
	Overall System Architecture
	EHR Interactivity Achieved via a “FHIR Façade”
	MyPAIN to Collect Patient-Reported Outcomes
	MyPAIN to Collect Patient-Reported Outcomes
	MyPAIN to Collect Patient-Reported Outcomes
	PainManager for Displaying Patient-reported Data
	PainManager for Displaying EHR-based Pertinent Conditions
	PainManager for Displaying Current Treatments + MME
	Challenges CDS4CPM has Encountered
	Acknowledgment

	Summary Points
	AHRQ Announcements
	Questions?
	Supporting Providers and Health Systems Through Electronic Clinical Decision Support Tools
	Slide Number 53
	Slide Number 54
	CDC North Star
	Preventing Opioid Overdoses and Opioid-Related Harms
	Overdose Data to Action OD2A
	Support Health Systems and Providers
	Slide Number 59
	Organization of Guideline Recommendations 
	Provider Resources
	Health Systems Interventions
	Electronic CDS Evaluation
	Electronic CDS Evaluation
	Evaluation Results
	Lessons Learned
	Lessons Learned Continued
	Current Electronic CDS Projects
	Electronic CDS Implementation Guide
	CDC Resources
	Slide Number 71

	Project Overview - From Evidence to Executable CDS
	CDC Prescribing Guideline Decision Support 
	Current Guideline Development and Implementation
	Utilization of Standards-Based Dissemination
	Translating Evidence to Executable CDS
	Thank You!
	CDS Knowledge Artifacts, Pilots, and Lessons Learned
	Artifact development is focused on the 12 CDC Guideline recommendation statements
	Artifacts for all 12 recommendation statements are available in an Opioid Prescribing Support FHIR IG
	Level 2 Process Flow Diagrams
	Level 3 Artifact Example (CQL, Rec. #11)
	Standardized CDS Approaches and Pilots
	Direct CQL Execution
	Slide Number 85
	CDS Hooks
	CDS Hooks
	SMART on FHIR
	Summary and Lessons Learned
	Thank you
	Acknowledgments (Partial List)
	CDS for CDC Team
	Discussion 
	CDS for the CDC Prescribing Guideline Resources
	Disclaimer
	Contact ONC

	Break�Please return by 11:40 am EDT
	SHIELD: Harnessing National COVID-19 Test Data to Provide Customizable Decision Support for Patients with Underlying Medical Conditions  
	Systemic Harmonization and Interoperability Enhancement for Lab Data
	COVID-19 Laboratory Data Reporting Requirements
	Slide Number 101
	Harmonizing COVID-19 Test Data
	COVID-19 Tests: Types, #s and Authorized Settings
	Daily Reportable Data Elements for All COVID-19 Tests �(summary; reportable to federal/state/local authorities, as appropriate)
	Slide Number 105
	COVID-19 Lab Data Reporting Implementation Specifications 
	COVID-19 Lab Data Reporting Implementation Specifications 
	Completeness and Harmonization of One Data Element
	Rapid Acceleration of Diagnostics (RADx) for COVID-19 
	Mapping Underlying Medical Conditions
	Ensuring Maximal Data Utility
	Goal: Provider & Patient Utility from At-Anywhere Tests

	Clinical Response through Emerging Technology (CRET)�An Integrated Health IT Tool for Providers to Respond to Public Health Hazards
	What is CRET?
	The Need for CRET
	Common Hazards Requiring CRET Response
	Risk Identification & Response at Point of Care
	Current Manual Process for Information Distribution
	CRET: Changing The Picture
	Emerging Infectious Diseases: 2019nCoV Coronavirus
	Improving Public Health Response With Modern Systems
	Acute Lyme: The Bulls-Eye Rash, an Easy Diagnosis
	Acute Lyme: A Dangerous Reality
	CRET For Acute Lyme: Take-aways
	CRET Parent Algorithm
	Thanks to 
	Q&A Discussion

	Lunch Break�Please return by 1:30 pm EDT
	CPG-on-FHIR: Computable Guidelines for CDS and Beyond
	The Data Lifecycle & Impacts to the Public’s Health
	Redesigning Guideline Development and Implementation
	One Translation Many Ways to Implement It
	CPG-on-FHIR
	Quality Improvement Ecosystem
	Separation of Concerns
	CPG Basic Components
	Conceptual CPG Knowledge Architecture
	Slide Number 138
	Slide Number 139
	Slide Number 140
	Slide Number 141
	Deep Learning & Cognitive Computing on Case Features
	Slide Number 143
	Agile Approach to CPG Development
	Slide Number 145
	CPG-on-FHIR Example Use Case 
	Translating Knowledge to Execution
	Requirements to Running Code
	Levels of Representation Reconceptualized
	Opioid-related Projects
	AHRQ Pain Management Summary
	Opioid eCQMs
	AHRQ Chronic Pain Management
	CDC Opioid Prescribing IG
	Recommendation #11 – L2
	Requirements to Running Code
	L3 – Terminology 
	L3 – Profiles (Data Elements)
	Requirements to Running Code
	L3 – Logic (CQL Libraries)
	L3 – Recommendation 
	L3 – Recommendation (cont)
	CQL Ingestion Integration
	CDS Hooks Integration
	Slide Number 165

	Integration of Expert Systems in Clinical Radiology: NIH Perspective
	Slide Number 167
	Slide Number 168
	Opportunities
	Broad Scope of Applications
	Universal Lesion Detector
	Comprehensive Spine Oncology Analysis
	Large-scale Body Composition Analysis
	Some Facts
	ChestX-ray8 Dataset
	Case Study: �Prostate Cancer Detection
	Challenges & Questions
	Challenges & Questions
	To Learn More …

	Deep Medicine Generating insights into complex disease patterns, risks and treatment effects
	Deep Medicine Research Programme�An overview
	UK electronic health records (EHR)
	Machine intelligence as applied in EHR data analysis
	Machine intelligence as applied in EHR data analysis
	Slide Number 185
	Machine intelligence as applied in EHR data analysis
	Predicting the risk of emergency admission with machine learning using linked EHR
	Machine intelligence as applied in EHR data analysis
	Slide Number 189
	Machine intelligence as applied in EHR data analysis
	BEHRT: Transformer for Electronic Health Records
	BEHRT: Transformer for Electronic Health Records
	Machine intelligence as applied in EHR data analysis
	Ongoing work
	Machine intelligence as applied in EHR data analysis
	Learning multimorbidity patterns from EHR using non-negative matrix factorisation
	Deep Medicine

	Integrating Deep Learning into Routine Care Delivery
	Duke Institute for Health Innovation
	Duke Institute for Health Innovation
	Slide Number 201
	Slide Number 202
	DIHI core programs and activities
	Sourcing Innovations: Structured and Opportunistic
	Slide Number 205
	DIHI Spectrum of Value Creation
	DIHI Spectrum of Value Creation
	Slide Number 208
	Sepsis
	Slide Number 210
	Slide Number 211
	Slide Number 212
	Slide Number 213
	Slide Number 214
	Slide Number 215
	Slide Number 216
	Slide Number 217
	Slide Number 218
	Slide Number 219
	Slide Number 220
	Slide Number 221
	Slide Number 222
	Slide Number 223
	Slide Number 224
	Slide Number 225
	Slide Number 226
	Slide Number 227
	Slide Number 228
	Slide Number 229
	Slide Number 230
	Slide Number 231
	Slide Number 232
	Slide Number 233
	Slide Number 234

	Future Directions for Clinical Decision Support
	Slide Number 236
	Slide Number 237
	Future Directions for CDS
	Healthcare Cognitive Assistants (HCA)
	Healthcare Cognitive Assistants (HCA)

	Moving Beyond Decision Support
	CDS frame problem as clinician medical error; they love  alerts! Clinicians NOT motivated to use CDS.
	People love things that help them becoming the person they  desire to be.
	Data from one family’s activities for 6-months: routines and deviations�More than 90% of days are not routine
	Person-place-time-view  Prevents forgetting children
	CDS frame problem as clinician medical error; they love  alerts! Clinicians NOT motivated to use CDS.�Quality of EHR data is often poor.  Data is sparse, more  oriented towards billing than health.
	People love things that help them becoming the person they  desire to be.�Data-driven innovation has transformed innovation in the  tech community.
	CDS frame problem as clinician medical error; they love  alerts! Clinicians NOT motivated to use CDS.�Quality of EHR data is often poor. Data is sparse, more  oriented towards billing than health.�CDS support textbook cases. Machine intelligence helps  with cases where clinicians need the least help.
	People love things that help them becoming the person they  desire to be.�Data-driven innovation has transformed innovation in the  tech community.�AI great for automating repetitive, procedural tasks.
	CDS frame problem as clinician medical error; they love  alerts! Clinicians not motivated to use CDS.�Quality of EHR data is often poor. Data is sparse, more  oriented towards billing than health.�CDS support textbook cases. Machine intelligence helps  with cases where clinicians need the least help.�Interactions with EHR reduce rapport with patients.
	People love things that help them becoming the person they desire to be.�Data-driven innovation has transformed innovation in the  tech community.�AI great for automating repetitive, procedural tasks.�Great healthcare involves clinicians, patients, and informal  caregivers.
	Vision of the Future
	Slide Number 253
	Slide Number 254
	Slide Number 255
	Slide Number 256
	Slide Number 257
	Slide Number 258
	Moving Beyond Decision Support




