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• What to Know About Clinical Decision Support through Real World Examples

• Overview of CDS 

• How to Implement CDS Locally

• Examples of Interoperable CDS in the Real World
• Medical University of South Carolina’s implementation of the CDC Clinical Practice Guideline for 

Prescribing Opioids for Pain

• University of Washington’s COSRI and PainTracker

• HealthPartners Institute’s Priority Wizard

Overview of session 1
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• The Future of Clinical Decision Support in September

• CDS Hooks and SMART Apps

• CDS Connect

• Patient-centered Decision Support

• Clinical Decision Support Innovation Collaborative

• Building Co-design

• Fall TIPS

• Charts-on-FHIR

• CDS in Social Determinants of Health and Guideline-concordant Care

Overview of session 2
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• Predictive algorithms and decision support

• How new technologies add value to CDS

• Break at 1:40 p.m. ET

• Examples of CDS

• Measuring and evaluation successes in CDS development

Agenda
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Predictive Algorithms 
and Decision Support

Jeff Smith, ONC



Predictive Algorithms & Decision Support
Tech Forum

Jeffery Smith, M.P.P. Deputy Division Director, 
Certification & Testing Division, Office of the 
National Coordinator for Health IT
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Coordination 

Advance the 
development and 
use of health IT 
capabilities

Establish 
expectations 
for data sharing

Federal

State 
& Public

Certification

Exchange

ONC Activities & Objectives

ONC Activities

Standards

ONC Objectives



8

ONC Certification is:
• Voluntary, standards-based, and solutions-

agnostic
• Participation requires a programmatic 

requirement or be funding contingent

ONC Health IT Certification Program

Through the combination of CMS payment 
incentives and ONC’s Health IT certification 
program, hospitals and providers rapidly 
adopted certified EHRs and ushered the 
modernization of the U.S. health care system. 
This promoted:

• A more effective marketplace, greater 
competition, increased consumer choice, and 
improved health outcomes

• Seamless exchange of electronic health 
information across a variety of methods and 
platforms

• A safe and secure health IT infrastructure for 
patients and healthcare providers

• Increased ease-of-use of health IT
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Current View of Artificial Intelligence in Health Care

Image Source: https://medium.com/analysts-corner/companies-are-elephants-d9bf807bf217

https://medium.com/analysts-corner/companies-are-elephants-d9bf807bf217
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To optimize the use of AI in health care we must address fundamental and 
far-reaching challenges associated with predictive algorithms that:

• Reproduce or amplify implicit and structural biases
• Magnify existing ethical, legal, and social concerns related to data collection and use
• Repeat the ills of history by reinforcing common, non-evidence-based practices or 

baking-in existing inexplicable differences in health outcomes
• Perpetuate fundamental information asymmetries regarding an algorithm’s quality, 

performance (including its fairness and validity)
• Lead to recommendations that are ineffective or are unsafe

An inclusive framing of the promise & the peril of AI
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HTI-1 Proposals for Predictive Decision Support Interventions

Improve Transparency

Enhance Trustworthiness

Support Consistency

Advance Health Equity by Design

Regarding how a predictive DSI is designed, developed, trained, evaluated, 
and should be used

Through transparency on how certified health IT developers manage 
potential risks and govern predictive DSIs that their certified Health IT 
Modules enable or interface with

In the availability of predictive DSI information to users, so that users may 
determine the DSI’s quality and whether its recommendations are fair, 
appropriate, valid, effective, and safe (FAVES)

By addressing bias and health disparities, potentially propagated 
by predictive DSIs, to expand the use of these technologies in 
safer, more appropriate, and more equitable ways

Objective: Enable improved information transparency on the trustworthiness of predictive DSIs 
to support their responsible and widespread use in health care.
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Transparency Is a Prerequisite for Trustworthy AI

Data Transparency
Proposed requirements would 
enable users to know when a DSI 
uses specific data elements 
relevant to health equity, including:
•  Race, Ethnicity, & Language (REL)

•  Gender Identity & Sexual Orientation

•  Social Determinants of Health 
(SDOH)

•  Disability

•  Date of Birth

Performance Transparency
Proposed source attributes would enable 
users to have consistent and routine 
electronic access to technical and 
performance information on predictive 
DSIs
• Intended use, training data descriptions, 

measures of fairness, maintenance, etc.

• Establishes baseline ingredients for a 
model “nutrition label”

• Information available to users in plain 
language and via “direct display,” “drill 
down” or “link out” functionality

Data 
Transparency

Performance 
Transparency

Organizational 
Transparency

Trustworthy 
Predictive 

Models
(FAVES)

Organizational Transparency
Proposed requirement for certified 
health IT developers to employ or 
engage in risk management of 
predictive DSIs
• Analyze risks; mitigate risks; and 

establish governance for predictive 
DSIs spanning 8 socio-technical 
characteristics including Validity, 
Reliability,  Robustness, Fairness, 
Intelligibility, Safety, Security, & 
Privacy

• Disclose summary information 
publicly
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Policy Benefits for Patients, Providers, and Industry

Patients

• Enables patients to benefit 
from the use of FAVES 
predictive models related to 
their care

• Avoids preventable harms, 
such as errors in decision 
making, health inequities, 
bias, and discrimination

• Clarifies patient access to 
underlying information 

Providers

• Enables access to information 
necessary to trust predictive 
DSIs for patient care

• Ensures consistent availability 
on how predictive DSIs are 
intended to work and perform

• Enables clinicians to use 
PDSIs in more appropriate, 
equitable, and safer ways for 
patients and populations

Developers / 
Industry
• Drive consensus on how to 

communicate the “ingredients” of 
predictive DSIs consistently

• Promote developers with high 
quality models

• Establish an information 
ecosystem that enables an 
actionable and widely accepted 
approach for transparency and 
trustworthiness of algorithms in 
health care



Jeffery Smith, M.P.P
Deputy Division Director, 
Certification & Testing Division
Office of Technology
Office of the National Coordinator for Health IT
Jeffery.Smith@hhs.gov

Contact ONC

Subscribe to our weekly eblast 
at healthit.gov for the latest updates!

Phone: 202-690-7151

Health IT Feedback Form: 
https://www.healthit.gov/form/
healthit-feedback-form

Twitter: @onc_healthIT

LinkedIn: Office of the National Coordinator for 
Health Information Technology

Youtube: 
https://www.youtube.com/user/HHSONC

mailto:Jeffery.Smith@hhs.gov
http://healthit.gov/
https://twitter.com/onc_healthit
https://www.healthit.gov/form/healthit-feedback-form
https://www.linkedin.com/company/office-of-the-national-coordinator-for-health-information-technology/
https://www.healthit.gov/form/healthit-feedback-form
https://www.healthit.gov/form/healthit-feedback-form
https://twitter.com/onc_healthit
https://www.linkedin.com/company/office-of-the-national-coordinator-for-health-information-technology/
https://www.linkedin.com/company/office-of-the-national-coordinator-for-health-information-technology/
https://www.youtube.com/user/HHSONC
https://www.youtube.com/user/HHSONC
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Questions
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Extra Slides
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• Introduced in April 2023, the HHS Office of the National Coordinator for Health IT (ONC) proposed first-of-its-kind 
regulations in the US for artificial intelligence- and machine learning-based predictive software in health care.

• The rule would apply to companies that sell electronic health records, or EHRs, which are certified by ONC and 
used by more than 96% of hospitals and 78% of office-based clinicians in the US. 

• The rule would require transparency regarding the performance and quality of predictive decision support 
software, including how the model or algorithm behind the prediction was designed, developed, tested, and 
evaluated.

• This information would give users of predictive decision support software an opportunity to determine if the model 
was fair, appropriate, valid, effective, and safe for use on their patients.

• In addition to transparency regarding the performance and quality of predictive decision support software, the 
proposed rule would require transparency regarding the risk management and governance practices of 
organizations that develop these tools.

• The rule would make performance and quality information available to users of predictive decision support 
software, and summary information about risk management and governance practices would be available 
publicly.

• If finalized as proposed, the rule would come into effect beginning January 1, 2025.

High-level Overview Points
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Predictive Decision Support Intervention –
Source Attributes

Intervention Details (3)

Intervention Development (3)

Quantitative Performance 
Measures (5)

Ongoing Maintenance & 
Intervention Use (3)

• Output
• Intended use
• Cautioned out of scope use(s) 

• Input features including description of training and test data
• Process used to ensure fairness in development
• External validation process, if available

• Validity and Fairness of prediction in test data
• Validity and Fairness of prediction in external data, if available
• References to evaluation of use of the model on outcomes, if available

• Update and continued validation or fairness schedule
• Validity of prediction in local data, if available
• Fairness of prediction in local data, if available
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• Analyze potential risk(s) and adverse impact(s) 
associated with the predictive DSIRisk Analysis 

• Implement practices to minimize or mitigate 
risk(s) identified in the Risk Analysis associated 
with the predictive DSI

Risk Mitigation 

• Establish policies and implement controls for 
predictive DSI, including how data are acquired, 
managed, and used in the predictive DSI

Governance

Pillars of IRM Practices

Note: Generally, many of the 
proposed terms and concepts 
in the IRM proposal rely on 
the National Institute of 
Standards and Technology 
(NIST) AI Risk Management 
Framework and U.S. 
Department of the Treasury’s 
Office of the Comptroller of 
the Currency (OCC) Model 
Risk Management Guidance 
& Handbook. 

https://nvlpubs.nist.gov/nistpubs/ai/NIST.AI.100-1.pdf
https://nvlpubs.nist.gov/nistpubs/ai/NIST.AI.100-1.pdf
https://www.occ.gov/publications-and-resources/publications/comptrollers-handbook/files/model-risk-management/index-model-risk-management.html
https://www.occ.gov/publications-and-resources/publications/comptrollers-handbook/files/model-risk-management/index-model-risk-management.html
https://www.occ.gov/publications-and-resources/publications/comptrollers-handbook/files/model-risk-management/index-model-risk-management.html
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AI Accountability in Health Care: 
What Federal Regulations May Apply to Me?  
 

*If you are a health program or activity that receives HHS funding, or a health insurer that participates in the Health Insurance Marketplaces, or from health care provider using technology a health care 
provider or plan, then…

Who Must Comply with What?

If you are using AI to support 
decision-making in health care or 

covered health programs and 
activities*:

If you are developing AI technology, 
based on any USCDI standards, and 

it is enabled by or interfaces with 
certified health IT:

If you are developing an AI-enabled 
digital health or software products 

that are considered a medical device:

Applicable Federal Regulation

ONC HTI-1 Proposed Rule 
Health IT Certification Program

• FD&C Act 
• Clinical Decision Support Guidance
• Policy for Device Software Functions 

and Medical Applications – Function 
Guidance 

• Predetermined Change Control Plan 
for AI/ML-enabled device software 
functions

• Sec. 1557 Nondiscrimination in 
Health Programs and Activities 
Proposed Rule 

• HIPAA Privacy & Security Rule 
(e.g., patient right of access)

If you are wondering if you receive 
health care and human services 
through the use of AI or if there is 

federal oversight of AI in healthcare:

• Sec. 1557 Nondiscrimination in 
Health Programs and Activities 
Proposed Rule

• HIPAA Privacy & Security Rule 
(e.g., patient right of access)

• FD&C Act 
• ONC HTI-1

Developer of an 
AI-enabled 
Medical Device

Developer of Certified 
Health IT & AI

User of AI Patient

Is my AI activity potentially the focus of federal oversight?
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How can new technologies 
add value to CDS

Bryn Rhodes, Smile, Dr. Michael Pencina, Duke AI Health, 
and Dr. Irbaz Riaz, Mayo Clinic



Measuring Clinical Decision Support: 
Duke ABCDS

Michael J. Pencina, PhD
November 8, 2023



“Wild West” of Algorithms

24

“We have a Wild West of algorithms,” 
said Michael Pencina, coalition co-
founder and director of Duke AI 
Health. “There’s so much focus on 
development and technological 
progress and not enough attention to 
its value, quality, ethical principles or 
health equity implications.” 

Politico, April 4, 2023



We need to do better

Pencina MJ, Goldstein BA, D'Agostino RB. N Engl J Med. 2020 Apr 23;382(17):1583-1586. doi: 10.1056/NEJMp2000589.

“Given the number of emerging prediction models 
and their diverse applications, no single regulatory 
agency can review them all. This limitation, however, 
does not absolve models’ developers and users from 
applying the utmost scrutiny in demonstrating 
effectiveness and safety.”



Considerations for CDS development

• Population at risk
• Outcome of interest
• Time horizon
• Predictors
• Mathematical model
• Model evaluation
• Translation to CDS
• Clinical implementation
Pencina et al., NEJM. 2020;382:1583-1586. doi:10.1056/NEJMp2000589



Health System Example: Duke ABCDS

Algorithm-Based Clinical Decision Support (ABCDS) 
Mission Statement:
Out of our primary focus on patient safety and high-quality 
care, our mission is to guide algorithm-based clinical decision 
support (ABCDS) tools through their lifecycle by providing 
governance, evaluation, and monitoring.
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ABCDS Overall Framework

Model 
development

Silent 
evaluation

Effectiveness 
evaluation

General 
deployment

G0 G1 G2

Evaluation on
retrospective

data

Evaluations at 
regular intervals

Registration

Evaluation on
prospective

data

Registration

Evaluation on 
pre-specified 

outcomes 

RegistrationRegistration

Gm

Bedoya et al., JAMIA. 2022; 1-6, https://doi.org/10.1093/jamia/ocac078



ABCDS Committee Structure

ABCDS Oversight 
Committee

ABCDS Regulatory 
Subcommittee

ABCDS Evaluation 
Subcommittee

ABCDS Implementation 
and Monitoring 
Sub-Committee

Co-Chairs: 

Co-Chairs: Co-Chairs: Co-Chairs: 

Additional Committee Members:
Program 
Director: 

C O’BrienA BedoyaB Goldstein E JelovsekA Parrish
 

S Elengold S Ellison

N EconomouE PoonM Pencina M CaryS Balu M Lipkin K Lytle

Evaluation
Lead: 

S Bessias



ABCDS Model Registration and Review Total

Number of active tools*
(includes unregistered) 62

Number of active tools registered 43

Number of active tools evaluated 28

* Tools currently in use or proposed for use at DUHS (excluding retired, on hold)

Duke ABCDS Oversight Portfolio Metrics 
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13

8
5

Active ABCDS Tools by Current Lifecycle Phase



Valid
Beneficial & Effective
Testable
Reliable & Robust
Usable

Core Principles

Health AI 
Trustworthiness

Explainability & 
Interpretability

Accountability 
& Transparency 

Safety

Usefulness

Fairness 
& Equity

Privacy, 
Security

& Resilience

CHAI Blueprint for Trustworthy AI



Thank you!



Living, Interactive Systematic Reviews 
and Clinical Practice Guidelines

Irbaz Bin Riaz, MD, MBI, PhD.
Assistant Professor, Mayo Clinic



• Significant Expertise

• Painstaking

• Time-consuming

• Expensive

• Outdated quickly

• Updates restart from scratch

• No use of technology

• Wasted Efforts

Evidence Hierarchy



Ovid 
MEDLINE

Screening Systematic Review 
Meta-Analysis 

EVIDENCE SYNTHESIS WORKFLOW

Extraction Clinical practice 
guidelines



Ovid 
MEDLINE

Screening Data
Extraction

Systematic Review  & 
Meta-Analysis 

5000 citations

Clinical Guidelines Development

ASCO Guidelines(2009) - mCRPC

Ovid MEDLINE Screening Data Extraction Systematic Review  & 
Meta-Analysis 

10000 
citations

Clinical Guidelines Development

ASCO Guidelines (2015)- mCRPC

New studies



Ovid 
MEDLINE

Screening Data
Extraction

Systematic Review  & 
Meta-Analysis 

5000 citations

Clinical Guidelines Development

ASCO Guidelines – prostate cancer

Ovid MEDLINE Screening Data Extraction Systematic Review  & 
Meta-Analysis 

17000 citations

Clinical Guidelines Development

New studies
ASCO Guidelines (update)- 

prostate cancer



Ovid 
MEDLINE

Screening Systematic Review 
Meta-Analysis 

EVIDENCE SYNTHESIS WORKFLOW

Extraction Clinical practice 
guidelines



LIVING EVIDENCE WORKFLOW

Machine learning 
assisted annotation

Living Systematic Review 
&

Meta-Analysis 

Ovid 
MEDLINE

Screening

The Watcher

Data
Extraction

Central Data Repository

NLP Push and Pull 
Retrieval System

BioBERT & RNN 
architectures

Automated rule 
based analytic 

algorithms

Interactive 
Decision Aids

Interactive 
Decision Algorithms

Living

Living Clinical Guidelines

Interactive 
Evidence Profiles

Integration to EHR



GETUG
NCT00104715

STAMPEDE
NCT00268476

CHAARTED
NCT00309985

LATITUDE
NCT01715285

2017

Ovid 
MEDLINE

Screening Data
Extraction

Systematic Review  
&

Meta-Analysis 



GETUG
NCT00104715

STAMPEDE
NCT00268476

CHAARTED
NCT00309985

LATITUDE
NCT01715285

2017

Ovid 
MEDLINE

Screening Data
Extraction

Systematic Review 
&

Meta-Analysis 

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

2019

July 4th, 2019 July 11th, 2019 Nov 10th, 2019



Ovid 
MEDLINE

Screening Systematic Review 
&

Meta-Analysis 

The Watcher

Data
Extraction

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

2019

July 4th, 2019 July 11th, 2019 Nov 10th, 2019



Ovid 
MEDLINE

Screening Systematic Review 
&

Meta-Analysis 

The Watcher

Data
Extraction

Central Data 
Repository

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

2019

July 4th, 2019 July 11th, 2019 Nov 10th, 2019



Ovid 
MEDLINE

Screening Systematic Review  
&

Meta-Analysis 

The Watcher

Data
Extraction

Central Data 
Repository

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

2019

July 4th, 2019 July 11th, 2019 Nov 10th, 2019



Ovid 
MEDLINE

Screening Systematic Review  
&

Meta-Analysis 

Decision Aids

Evidence Profiles

Integration to EHRDecision 
Algorithms

The Watcher

Data
Extraction

Central Data 
Repository

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

2019

July 4th, 2019 July 11th, 2019 Nov 10th, 2019

Clinical Guidelines



Ovid 
MEDLINE

Screening Systematic Review  
&

Meta-Analysis 

The Watcher

Data
Extraction

Central Data 
Repository

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

2019

July 4th, 2019 July 11th, 2019 Nov 10th, 2019

Decision Aids

Evidence Profiles

Integration to EHRDecision 
Algorithms

Clinical Guidelines



Living Clinical Guidelines

Interactive 
Evidence Profiles

Interactive 
Decision Algorithms

Interactive 
Decision Aids
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Living interactive website
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Living Clinical Guidelines

Interactive 
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Data
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LIVING EVIDENCE WORKFLOW



Screening Categories: Categorized by screening levels with numbers 
indicating the screening progress 

LIVING EVIDENCE WORKFLOW



List of Studies: Studies are listed with unique study identification information and 
machine-learning based classifiers to facilitate decisions

LIVING EVIDENCE WORKFLOW



Different Clinical Questions: Studies are included/excluded at full-text review for 
multiple clinical questions

LIVING EVIDENCE WORKFLOW



LIVING EVIDENCE WORKFLOW
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Study list panel

LIVING EVIDENCE WORKFLOW



Study list panel

Interactive Extractor

LIVING EVIDENCE WORKFLOW



Study list panel

Interactive Extractor

LIVING EVIDENCE WORKFLOW

Outcomes list



Outcomes extraction

Study list panel

Interactive Extractor

LIVING EVIDENCE WORKFLOW



Text panel

Study list panel

Interactive Extractor

LIVING EVIDENCE WORKFLOW



Study list panel

Interactive Extractor

Data field annotator

LIVING EVIDENCE WORKFLOW
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LIVING EVIDENCE WORKFLOW



Analysis parameters

Results pane

LIVING EVIDENCE WORKFLOW



Forest plot

Analysis parameters

Network plot Rank table

Rank plotsLeague table

LIVING EVIDENCE WORKFLOW
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LIVING EVIDENCE WORKFLOW
Interactive manager

Evidence profile



LIVING EVIDENCE WORKFLOW



Living Interactive PRISMA

LIVING EVIDENCE WORKFLOW



Interactive Summary Table

LIVING EVIDENCE WORKFLOW



Interactive PWMA Panel

LIVING EVIDENCE WORKFLOW



Interactive NMA Panel

LIVING EVIDENCE WORKFLOW



Interactive PWMA SoF

LIVING EVIDENCE WORKFLOW



Interactive NMA SoF

LIVING EVIDENCE WORKFLOW



Interactive Evidence Map

LIVING EVIDENCE WORKFLOW



LIVING AND INTERACTIVE SYSTEMATIC 
REVIEWS! 

• Truly living guidelines(real time updates, 
almost!)

• More with available resources(double 
output, same resources!)

• Rigor and Agility

• Standardization for EHR integration and 
downstream efforts(evidence summaries, 
shared decision-making aids, algorithms)
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Discussion
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Break   
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Examples of CDS
Dr. Kensaku Kawamoto, University of Utah, and 

Dr. Nathan Dean, Intermountain Health and University of Utah



Improving Lung Cancer Screening Through an 
EHR-Integrated Everyday Shared Decision-Making Tool 

and Clinician-Facing Prompts

Kensaku Kawamoto, M.D., Ph.D., M.H.S., F.A.C.M.I., F.A.M.I.A.
Professor of Biomedical Informatics

Associate Chief Medical Information Officer
Director, ReImagine EHR Initiative 

Co-Senior Director, Digital Health Initiative
University of Utah



© 2023 Kensaku Kawamoto

Disclosures

• Outside of this work, I report honoraria, consulting, 
sponsored research, writing assistance, licensing, or co-
development with a number of organizations.

• I have no conflicts with direct relevance to this work.

• The Everyday shared decision-making tool described in this 
presentation (Decision Precision+) is available for free.

• This work was made possible by AHRQ R18HS026198.

99



© 2023 Kensaku Kawamoto

Key Clinical Need: 
Improved Lung Cancer Screening

• Lung cancer: #1 cause of cancer deaths in United States for both men and 
women.1

• Lung cancer screening (LCS) with annual low-dose CT scans can reduce lung 
cancer deaths by ~20%.2,3

• The US Preventive Services Task Force (USPSTF) has recommended offering 
screening to high-risk patients (older patients with a history of heavy smoking) 
since 2013.4,5

• The vast majority of eligible patients in the United States are not screened.
o 2020: 6.5% screening rate nationwide; < 2% in Utah.6

1. https://www.cancer.org/cancer/types/lung-cancer/about/key-statistics.html
2. Aberle DR et al. N Engl J Med. 2011;365(5):395-409.
3. De Koning HJ et al. N Engl J Med. 2020;382(6):503-513. 
4. https://www.uspreventiveservicestaskforce.org/uspstf/recommendation/lung-cancer-screening-december-2013
5. https://www.uspreventiveservicestaskforce.org/uspstf/recommendation/lung-cancer-screening
6. Fedewa SA et al. Chest. 2022;161(2):586-589. 100

https://www.cancer.org/cancer/types/lung-cancer/about/key-statistics.html
https://www.uspreventiveservicestaskforce.org/uspstf/recommendation/lung-cancer-screening-december-2013
https://www.uspreventiveservicestaskforce.org/uspstf/recommendation/lung-cancer-screening
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Provider Barriers to Screening1

• Lack of familiarity with eligibility criteria and insurance coverage.

• Difficulty identifying eligible patients.

• Need for guidance on management of screening results.

• Skepticism about benefits of screening.

• Insufficient time or knowledge to conduct shared decision making (SDM).
o Important due to potential downsides (e.g., biopsy complications) and wide individual 

variation in expected benefit (e.g., reduction in lung cancer deaths was ~60x higher in 
patients at the highest vs. lowest quintile of risk in the National Lung Screening Trial2).

o Recommended by clinical guidelines.3,4

o Required by CMS prior to initiating screening; includes need to use a decision aid.5

1. Wang GX et al. Radiology. 2019;290(2):278-287. 
2. Kovalchik SA et al. N Engl J Med. 2013;369(3):245-254.
3. https://www.uspreventiveservicestaskforce.org/uspstf/recommendation/lung-cancer-screening
4. https://info.chestnet.org/screening-for-lung-cancer-chest-guideline-and-expert-panel-report
5. https://www.cms.gov/medicare-coverage-database/view/ncacal-decision-memo.aspx?proposed=N&ncaid=304
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https://www.uspreventiveservicestaskforce.org/uspstf/recommendation/lung-cancer-screening
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Project Objective
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• Design, develop, and evaluate a widely scalable approach to 
enabling LCS that addresses key barriers to screening.
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Intervention Goals
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• Integrate with routine primary care workflows.
• Make it easy for providers to identify patients who are eligible for LCS.
• Make it easy and fast for providers to conduct SDM. 

o Support an Everyday SDM model that can be completed within 1-2 minutes, while 
supporting Full SDM when the time is available.1,2

• Use an approach that can be widely scaled.

1. Caverly TJ et al. J Gen Intern Med. 2020;35(10):3045-3049.
2. Caverly TJ et al. MDM Policy Pract. 2021;6(2):23814683211055120.
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Key Starting Resource: 
Decision Precision

Web-based LCS SDM 
tool developed with 
VA funding by Drs. 
Tanner Caverly and 
Angie Fagerlin at 
Univ. of Michigan and 
Ann Arbor VA

Originally designed to 
support Full SDM

Worked well when 
used by full-time LCS 
coordinators in the 
context of dedicated 
LCS SDM sessions at 
the VA1

Too time-consuming 
to use routinely in 
primary care settings

1. Lowery J et al. JMIR Hum Factors. 2022;9(2):e32399.  104



© 2023 Kensaku Kawamoto

Enhancement of Decision Precision 
to Support Everyday SDM

Only elements 
needed for Everyday 
SDM kept on main 
Web page

Content relevant to 
Full SDM moved to 
supplemental tabs

Replete with 
numerous time-saving 
features

Available for free at 
https://screenlc.com

Incorporated in the 
Foundation (default 
recommended) LCS 
module of Epic 
electronic health 
record (EHR) system

105

https://screenlc.com/
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Decision Precision+: EHR 
Integration with SMART on FHIR

Figure 3 from Kukhareva PV et al. Chest. 2023 May 2;S0012-3692(23)00641-4. doi: 10.1016/j.chest.2023.04.040.
106
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EHR Prompts for LCS and 
LCS Discussion

Figure 1 from Kukhareva PV et al. Chest. 2023 May 2;S0012-3692(23)00641-4. doi: 10.1016/j.chest.2023.04.040.
107
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EHR Prompts on Need to Conduct SDM 
Prior to Initiating Screening

Figure 2 from Kukhareva PV et 
al. Chest. 2023 May 2;S0012-
3692(23)00641-4. doi: 
10.1016/j.chest.2023.04.040.

108
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Pragmatic Clinical Trial
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• Setting: 
o 30 primary care & 4 pulmonary clinics at Univ. of Utah Health (UHealth).

• Intervention:
o EHR prompts and EHR-integrated Everyday SDM tool.

• Design:
o Pre-post intervention analysis with 12-month pre-intervention phase (8/24/19 –

8/23/20) and 9-month intervention phase (8/24/20 – 5/23/21).

• Statistical Methods:
o Population: primary care patients meeting 2013 USPSTF criteria with no chest CT in 

past year who had not declined screening in last 3 years.
o Primary outcomes: LCS ordering and completion
o Logistic regression with mixed-effect models and covariate adjustment.



© 2023 Kensaku Kawamoto

Results
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• 1,435 patients included

• Low-dose CT ordering: 7.1%  27.3% (adjusted OR 4.9, p < .001)

• Low-dose CT completion: 4.4%  17.7% (adjusted OR 4.7, p < .001)

• SDM tool used prior to low-dose CT ordering for 25.2% of patients.
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LCS Ordering and Completion Stratified by 
Screening Benefit Level

Figure 4 from Kukhareva PV et al. Chest. 2023 May 2;S0012-3692(23)00641-4. doi: 10.1016/j.chest.2023.04.040.
111
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Summary
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• Introduction of an EHR-integrated Everyday SDM tool and provider 
prompts was associated with significantly increased LCS ordering and 
completion at a single health system (adjusted OR of ~5).

• SDM tool use was ~25% prior to initiating screening.
o Sub-optimal, but still higher than many previously reported SDM and SDM tool 

use rates in primary care settings.
o Even a few minutes may be too much to add to busy primary care workflows for 

patients with many conditions requiring attention.
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For More Information…
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• Decision Precision: https://screenlc.com

• Decision Precision+: ReImagineEHR@utah.edu

• Clinical Trial: 

Kukhareva PV et al. Implementation of lung cancer screening in primary care and 
pulmonary clinics: pragmatic clinical trial of electronic health record-integrated Everyday 
shared decision making tool and clinician-facing prompts. Chest. 2023 May 2:S0012-
3692(23)00641-4. 

• ReImagine EHR initiative: 
Kawamoto K et al. Establishing a multidisciplinary initiative for interoperable electronic 
health record innovations at an academic medical center. JAMIA Open. 2021 Jul 
31;4(3):ooab041. 

https://screenlc.com/
mailto:ReImagineEHR@utah.edu


Thank You!

Kensaku Kawamoto, M.D., Ph.D., M.H.S., F.A.C.M.I., F.A.M.I.A.
kensaku.kawamoto@utah.edu
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Key functions of ePneumonia
Screens Emergency Department patients in real time

CheXED AI for Chest X-Ray images plus Bayesian probabilistic algorithm using 40 data elements to 
estimate likelihood of pneumonia

Diagnosis and prompt for enrollment triggers at 40% likelihood

Severity of illness stratification to recommend site of care
 Inpatient versus outpatient, ward versus ICU

 eCURB, PaO2/FiO2, sCAP criteria, presence of parapneumonic effusion

Identifies risk factors for resistant pathogens – DRIP score
 ED administration of antibiotics tailored to site of care and likely pathogens

 Recommends appropriate microbiology studies

 Allows for clinician judgment – room to opt out/disagree and provide reasoning



√



Odds ratios for community-acquired pneumonia mortality associated with 
implementation of ePneumonia

Dean  Annals Emergency Medicine  2015
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Deployment of ePneumonia across Intermountain Health

• ED leadership support systemwide and at each study site

• ED clinician engagement in tool development and deployment

• Interactive educational meetings 

• Local champions taught and encouraged use of ePneumonia

• Nurse educator visited clinicians during their shifts to teach and encourage use

• Audit and feedback at regular intervals

• Familiarized hospital admitting physicians with ePneumonia to smooth transitions of care

Dean AMIA Annual Symposium Proceedings 2020 
Carr Journal of Rural Health 2020 



Overall ePneumonia utilization averaged 67% of ED patients with pneumonia
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A pragmatic stepped-wedge, cluster-controlled trial 
of real-time pneumonia clinical decision support

Dean Am J Resp Crit Care Med  2022
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Usual Care ePneumonia

30-day all-cause mortality Odds Ratio 0.62 
Confidence Intervals 0.49, 0.79   P<0.001 



Disposition home among patients recommended by 
ePneumonia for outpatient care

ePNa  Home 
Pre-deployment

ePNa  Home
Post-deployment

Home 49% 66.6%

Seven-day secondary hospital admission rate unchanged

Antibiotics initiated 9 minutes earlier and were more guideline 
consistent/narrow spectrum

Median length of hospital stay decreased from 3.2 to 2.6 days



Limitations of Radiology – Natural Language Processing

Time delay Patient and provider dissatisfaction

Free text Errors in critical element extraction

Physician variability Disagreement and inconsistency in 
radiologist interpretation

1 second

Source Image - CheXED 

Consistent

Artificial Intelligence Imaging Analysis

Irvin J Thoracic Imaging 2022 37:162



CheXED Artificial Intelligence



•Ongoing monitoring of ePneumonia use by 
Office of Patient Experience: 
https://tab.intermountain.net/t/intab/views/ePneumoniaDashboard/OverallSummary?:showAppBann
er=false&:n&:origin=viz_share_link

• Driven by Department of Emergency Medicine leadership

• Automated – ICD-10   J18.X discharge code plus CheXED
evidence for radiographic pneumonia

https://tab.intermountain.net/t/intab/views/ePneumoniaDashboard/OverallSummary?:showAppBanner=false&:display_count=n&:showVizHome=n&:origin=viz_share_link
https://tab.intermountain.net/t/intab/views/ePneumoniaDashboard/OverallSummary?:showAppBanner=false&:display_count=n&:showVizHome=n&:origin=viz_share_link
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Extending ePneumonia

ePneumonia adaptation for Intermountain Urgent Care Clinics 
 AHRQ R-18 grant $1.35M for adaptation and pilot trial, currently year 4 (extension)

Development of SMART on FHIR ePneumonia
 Interoperable with different Electronic Health Records

   New User Interface for Epic, new patient centered feature to support shared decision 
making

 AHRQ R-18 grant $3M over 3 years in conjunction with Stanford and Vanderbilt
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ePneumonia for Urgent Care Clinics

Developed new user interfaces and Bayesian probabilistic models

1) Initial alert/interface recommending Chest X-Ray ordering in selected patients  
(reason for visit, respiratory symptoms, vital signs, physician/nurse practitioner 
chest exam) 

2) Displays CheXED findings combined with additional data elements for % likelihood 
of pneumonia

3) Alert displays if clinician enters pneumonia diagnostic code without radiographic 
confirmation

Presented at American Thoracic Society International Conference May 2023
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Site of Care
Recommends hospital admission for patients with radiographically 
confirmed pneumonia and:

1) SpO2 < 90% (5% of patients)

2) Or significant parapneumonic effusion(s) (2% of patients)

3) Or patients with high severity of illness by Bayesian Probabilistic 
Model including age, gender, comorbid illness, shock index, 
respiratory rate, multi-lobar disease, temperature, SpO2, reason 
for visit, influenza/SARS-coV-2

Presented at American Thoracic Society International Conference May 2023



Thanks to the ePneumonia team

 Colleagues at Intermountain Health– Emergency Medicine, Pulmonary/CCM, Infectious 

Disease, Hospital Medicine, Urgent Care Clinics, Pharmacy, Nurses, and Respiratory Therapists

Informatics developers of ePneumonia: Kathryn Kuttler, Peter Haug, Herman Post, Darren Mann

Database and Statistical Analysts:  Al Jephson, Jason Jacobs, Jackie Eve, and Allison Butler

                           



134

Questions
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Measuring and Evaluation Successes 
in CDS Development

Wes Sargent, CDC, Dr. Karen Nanji, Harvard Medical School, 
and Allison McCoy, Vanderbilt University
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Creating Value by Modernizing and Measuring 
Electronic Clinical Decision Support Tools

Wesley Sargent, EdD, MA

Senior Health Scientist

11.8.2023

Division of Overdose Prevention

National Center for Injury Prevention and Control

Centers for Disease Control and Prevention
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CDC's Strategic Priorities to address the Overdose Crisis

https://www.cdc.gov/drugoverdose/prevention/index.html

https://www.cdc.gov/drugoverdose/prevention/index.html
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Health Systems Interventions

+ Electronic health records (EHR) and 
PDMP (prescription drug monitoring 
program) data integration

+ Clinical quality improvement and 
care coordination

+ Clinical decision support (CDS) tools 
embedded into EHRs
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Evaluating Clinical Decision Support (CDS) Tools

+ 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
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Evaluating CDS Tools
+ Each participating health system developed EHR-embedded CDS tools 

that align directly with the 2022 CDC Clinical Practice 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

* 2022 CDC Clinical Practice Guideline for Prescribing Opioids for Pain

https://www.cdc.gov/mmwr/volumes/71/rr/rr7103a1.htm?s_cid=rr7103a1_w
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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)
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Lessons Learned

+ Development and implementation of CDS tools aligned with the CDC 
Guideline have 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
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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

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

+ 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
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Current Electronic CDS Projects
+ Health systems can help encourage the 

uptake and use of the 2022 CDC Clinical 
Practice Guideline for Prescribing Opioids 
for Pain

+ CDC-funded effort to create electronic CDS 
tools that map to the 12 Guideline 
recommendations
+ Contributors: ONC, Medical University of South 

Caroline, Yale, University of Washington, and 
Security Risk Solutions

+ Current work includes further refinement 
and development of electronic CDS to be 
used in EHRs, at the point-of-care
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CDS Tools (Continued)provement 
& Care Coordination Resource

• Electronic Clinical Decision Support Tools: Safer Patient Care for Opioid Prescribing | Opioids | CDC
• https://www.cdc.gov/opioids/pdf/Integration-Framework.pdf
• Integration Framework Toolkit
• Health System Success | Opioids | CDC

https://www.cdc.gov/opioids/healthcare-admins/ehr/index.html
https://www.healthit.gov/topic/health-it-health-care-settings/prescription-drug-monitoring-programs
https://www.healthit.gov/topic/health-it-health-care-settings/prescription-drug-monitoring-programs
https://www.cdc.gov/opioids/healthcare-admins/ehr/health-system-success.html
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CDC Overdose Prevention Website
• www.cdc.gov/drugoverdose

Resources for Clinicians
• https://www.cdc.gov/opioids/healthcare-professionals/index.html
• https://www.cdc.gov/drugoverdose/pdf/Pharmacists_Brochure-a.pdf
• https://www.cdc.gov/opioids/healthcare-admins/qi-cc-implementation.html
• https://www.cdc.gov/opioids/healthcare-admins/pdf/Quality-Improvement-Care-Coordination-508.pdf
• https://www.cdc.gov/opioids/healthcare-admins/pdf/Handbook-for-Healthcare-Executives.pdf

Clinical Decision Support Resources
• CDC Clinical Decision Support EHR Website: https://www.cdc.gov/opioids/healthcare-admins/ehr/index.html
• Implementation Guide Output: http://build.fhir.org/ig/cqframework/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://github.com/cqframework/opioid-cds-logic
• Agency for Healthcare Research Quality’s CDS Connect: https://cds.ahrq.gov/cdsconnect/artifact/factors-consider-managing-chronic-pain-

pain-management-summary

CDC Resources

https://www.cdc.gov/drugoverdose/
https://www.cdc.gov/opioids/healthcare-professionals/index.html
https://www.cdc.gov/drugoverdose/pdf/Pharmacists_Brochure-a.pdf
https://www.cdc.gov/opioids/healthcare-admins/qi-cc-implementation.html
https://www.cdc.gov/opioids/healthcare-admins/pdf/Quality-Improvement-Care-Coordination-508.pdf
https://www.cdc.gov/opioids/healthcare-admins/pdf/Handbook-for-Healthcare-Executives.pdf
https://www.cdc.gov/opioids/healthcare-admins/ehr/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
https://cds.ahrq.gov/cdsconnect/artifact/factors-consider-managing-chronic-pain-pain-management-summary


Page 147

Thank you! 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.

Contact:
Wes Sargent
Wsargent@cdc.gov

mailto:Wsargent@cdc.gov
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Scaling, Measurement, and 
Dissemination of CDS 
Workgroup Measurement 
Products

Measuring PC CDS



PC CDS 
Performance 
Measurement 
Guide
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Product Overview

Describes performance measures for PC CDS to help users understand what 
they should measure and how they should measure it, given their intervention-
related aims (e.g., formative/summative evaluation) and who they are (e.g., 
researcher, health system leader, etc.).

Call to action, 
including identified 

gaps and 
recommendations

Measures for evaluating 
PC CDS development 
and implementation 

processes

User scenarios to 
support inventory 

utility

*Measures on clinical outcomes are 
described in the O&O measurement guide.



152

Types and Organization of Measures Included in the Guide

► What did you design?
 CDS Design

● User-based design

● Organizational factors

● Software performance

● Information quality

► What was used?
 Users

● Adoption

● Reach

 Use Frequency
● Clinician workflow 

analysis

● Patient life flow 
integration 

● Fidelity 
of implementation 
to design

► What were the results?
 Satisfaction with CDS Tool

● Intent to use

● Alert fatigue

● Usability

● User satisfaction

● Utility

 Knowledge and Decision 
Making Quality 

● Clinical guideline adherence

● Policy and safety compliance

● Patient 
engagement/participation 

● Clinician or patient 
knowledge

● Patient decision-making 
processes

 Collaboration & Workflow
● Shared Decision Making

● Clinician attitudes & beliefs

● Workflow integration

 Cost of the CDS intervention
● Cost
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Measurement Inventory 

• Covering a range of measurement areas 
assessing patient/caregiver and clinical care 
team perspectives. 

170+ measures



154

Key Findings on Available Performance Measures

The most identified 
measure subdomains 

were CDS design, 
satisfaction with the 

CDS tool, use 
frequency, and users.

Commonly identified 
measure constructs 

included usability, alert 
fatigue, adoption, 
clinical guideline 

adherence.

Common 
implementation settings 

include primary care, 
inpatient settings, and 

emergency 
departments.
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Measurement Gaps

• The majority 
of evidence related to 
CDS performance 
was rated as “low 
quality” or at “high 
risk of bias” by 
systematic reviews 
and meta-analyses.

• Primary focus on 
technical feasibility 
with less emphasis 
on socio-technical 
aspects 
of intervention.

Evidence Scope or 
Quality

• Much less attention 
paid to patient-
centered measures 
for assessing the 
development and 
implementation of PC 
CDS interventions in 
the literature, 
compared to 
measures focused on 
the clinical care team 
perspective.

Patient-centered 
Measures

• Limited direct 
assessment of 
workflow/life flow 
changes; reliance on 
proxy measures as 
indicator of quality, 
completeness, or 
accuracy of a 
workflow.

• Lacking robust 
analytic approaches 
and methods that 
demonstrate 
evidence-based 
improvements and to 
build the case for 
wider 
implementation.

Study Design

• Few/no measures 
captured for 
measurement 
categories identified 
important by 
the Workgroup in 
feasibility, fairness and 
equity, and standards 
conformity.

• Standardized 
measures needed for 
patient knowledge, 
patient informed 
choice, cognitive 
workload, alert fatigue, 
and tool acceptance to 
be able to compare 
effects across studies.

Measure Availability



CDS Measurement at 
Vanderbilt University 

Medical Center



Locally Developed and Vendor-Provided Tools



Locally Developed and Vendor-Provided Tools



Advanced AI Approaches



Advanced AI Approaches



Advanced AI Approaches



No standard set of measures 
exists for comprehensive, 

reproducible, accurate CDS 
measurement

Many EHRs do not provide 
appropriate access to data 
or tools for effective CDS 

measurement

Benchmarks for comparison 
across organizations are 

unavailable

Critical Gaps in CDS Measurement



Questions?
allison.b.mccoy@vumc.org
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Questions



Alison Kemp alison.kemp@hhs.gov

Contact ONC

Subscribe to our weekly eblast 
at healthit.gov for the latest updates!

Phone: 202-690-7151

Health IT Feedback Form: 
https://www.healthit.gov/form/
healthit-feedback-form

Twitter: @onc_healthIT

LinkedIn: Office of the National Coordinator for 
Health Information Technology

Youtube: 
https://www.youtube.com/user/HHSONC

mailto:alison.kemp@hhs.gov
http://healthit.gov/
https://twitter.com/onc_healthit
https://www.healthit.gov/form/healthit-feedback-form
https://www.linkedin.com/company/office-of-the-national-coordinator-for-health-information-technology/
https://www.healthit.gov/form/healthit-feedback-form
https://twitter.com/onc_healthit
https://www.linkedin.com/company/office-of-the-national-coordinator-for-health-information-technology/
https://www.linkedin.com/company/office-of-the-national-coordinator-for-health-information-technology/
https://www.youtube.com/user/HHSONC
https://www.youtube.com/user/HHSONC
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