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Let’s start with a case...

Dec 11, 2017:
5:30am...




October, 2017: To the ER...

* Acute Paroxysms
* Severe Headache
* Profuse Sweating
* Palor
* Palpitations
* Panic/Anxiety
* Flank Pain
* Nausea
* Tachycaria
* Severe Hypertensive

* Years of symptoms
 Discharged as atypical migraine...

S
O
p
Ll
O
0c
Lol
=
Lt




Spells continue...
what is this?!

* Back home to Indy

* 4 more "spells”
* Neurologist — “occipital neuralgia”
e Back to work -> another spell

* In my office, realized what this must be...
* Called MD to get tested...




Diagnosis:
Results while
at AMIA 2017

* Metanephrines >30x normal!
* Diagnosis confirmed:

* Pheochromocytoma

* Next steps...
* Needed CT abdomen
* Had to push

* Needed treatment
* Rushed Endo visit
e Started Rx

* Needed experienced surgeon
* Had to search

* Ramping up Rx

* |accelerated by 1-2
months




Recovery and Lessons/Realizations

* Upon awakening:
e Grateful! Lucky!
* Realization:
* | could have died
* Others have
* | didn’t because of who I am
* Not right! Not necessary!

* Many ways that my diagnosis, care, & future care of others
like me could have been improved through informatics

e We must learn and do better!




[
Lesson #1: Diagnhostic Error Abounds! ?}!
We ean must do better!

"% . think horses.

If you don’t suspect it, you can't detect it.

Copyright 2012 by WNCAD Alkance.

Alternative:
“When you hear hoofbeats, expect horses, but consider zebras”




Diagnostic DSS - still limited at point-of-care
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About 3,410,000 results (0.43 seconds)

Pheochromocytoma: high blood pressure, headaches, and anxiety ...
https://www.endocrineweb.com/conditions/.../pheochromocytoma-tumor-central-adre... v

May 27, 2014 - The classic symptoms of pheochromocytomas (or pheos) are those attributable to
excess adrenaline production. Often these patients will have recurring episodes of sweating, headache,
and a feeling of high anxiety. ... Excess sweating (generalized) Racing heart (tachycardia and
palpitations)

People also ask

Can you have tachycardia and hypertension?
What is the most common symptom of pheochromocytoma?
Can high blood pressure cause headaches and eye pain?

Can you feel high blood pressure in your head?
Feedback

Severe Paroxysmal Hypertension (Pseudopheochromocytoma ...
https://jamanetwork.com/journals/jamainternalmedicine/fullarticle/484999 v

by SJ Mann - 1999 - Cited by 106 - Related articles

Severe, symptomatic paroxysmal hypertension always generates suspicion of a ... such as headache,
chest pain, dizziness, nausea, palpitations, flushing, and ... pressure, unilateral flushing, dizziness,
weakness, tachycardia, and polyuria.



Lesson #2: We don’t have a LHS today

Lesson/Realization #2a:
Actually, we do have one common way of learning, as a system...




The Learning Health System (LHS) - Definitions

(CREDIT.C. BICKELISCIENCE TRANSLATIONAL MEDICINE
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EDITORIAL

Learning Health

What is unique about learning health systems?

My infatuation with Learning Health Systems (LHS) began in 2009,
so0n after the concept was first advanced by the organization then
known as the Institute of Medicine, but now known as the National
Acadenmy of Medicine. The definition of an LHS offered in their 2012
report has been an inspirational guidepost for many:

A system in which science, informatics, incentives, and
culture are aligned for continuous improvement and
innovation, with best practices seamlessly embedded
in the care pracess, patients and families as active par-
ticipants in all elements, and new knowledge is cap-
tured as an integral by-product of the care
experience.!

In the ensuing years, 3s the concept of leaming health systems
matured and a substantial literature emerged, many definitions and
elaborations have appeared.”* This has inevitably led to uncertainty
regarding what lies at the core of the LHS and also to a blurring of its
boundaries: how the LHS differs from other approaches to health and
health care improvement. Not surprisingly, | have been frequently
asked: What 's new here? lsn't this the way to improve anything? How
efse would you do [t? This short essay offers some answers, grounded
ina conception of what lies at the core of the LHS, that | would now
give to these questions.

The differentiation begins with the concept of a leaming or
improvement cycle and the assertion that Leaming Health Systems
improve individual and population health by marrying discovery to
implementation through cycles of the type illustrated in Figure 1.5°
The cycle begins at “5 o'clock” with the establishment of a multi-
stakeholder learning community. Guided by the community, the cycle
proceeds with collection of data to capture what is happening now
[performance to data), analysis of these data to generate evidence of
haw improvement might be effected (data to knowledge), integration
of locally generated evidence with relevant evidence gathered by
‘others, and intervention based on that evidence to engender improve-
ment (knowledge to performance). From there, the cycle repeats in a

series of i hich d: can occur,

There is nothing
processes. This concept traces back to the seminal work of Deming
and the subsequent widespread use of PDSA cycles in health care

improvement.” The differentiators of the LHS—three in number, in my

new about cycic

estimation—rest on how these cycles are executed and how a set of
cydes composes into a scalable system, These differentiators also
assume that the health problem addressed by the impravement cyde
is a complex, even “wicked," problem that will prove resistant to uni-
dimensional straightforward solutions.

The three differentiators are: (1) at the beginning of the cycle,
establishing a multistakeholder learing community that is focused on
the problem and collaboratively executes the entire cycle; (2) embrac-
ing. at the outset, the uncertainty of how to improve against the prob-
lem by undertaking a rigorous discovery process before any
implementation takes place; and (3) supporting multiple co-occurring
cydes with a socio-technical infrastructure to create a learning
system.

1 | CONTINUITY OF COLLABORATIVE
EXECUTION

Members of a learning community are driven by a shared passion to
improve against the health problem that brought them together. With
reference to the left side of Figure 2, after a learning community
forms into a cohesive group, that same group directs the cyde
thraugh the sequence of discovery (P2D and D2K), implementation
(K2P), and back to discovery again as the cycle continues, Individuals
with specialized expertise can enhance the execution of each phase of
the cycle, augmenting the work of the persistent core membership of
the community

Continuity avoids the challenges of the “interrupted cycle” illus.
trated on the right side of Figure 2. Interrupted cycles occur when
entirely different, specialized professional groups within an organiza-
tion execute each component of the cyde. As shown in the figure, a
group specializing in P2D might be focused exclusively on program
evaluation or quality assessment; a group specializing in D2K might be
focused on health services research; a group specializing the K2P
might be exclusively focused on change implementation. The mem-
bers of each of these relatively homogeneous groups will have similar
educational backgrounds and professional cultures, but the back-
grounds and cultures of each group may differ greatly from each
other.

Interrupted cycles necessitate challenging handoffs between
these different groups. Less than perfect communication between the

“Learning health systems (LHS) are healthcare systems in
which knowledge generation processes are embedded in
daily practice to produce continual improvement in care.”

Source: Olsen L, Aisner D, McGinnis JM. The learning healthcare system: workshop summary. Natl
Academy Pr; 2007
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Traditional path
igelng

generation of
evidence to its
application

Generating evidence
from research

Synthesising
the evidence

Developing
evidence based
clinical policies

Applying
the policies

The
patient's
circumstances

The ‘
evidence

Making clinical
decisions

The
patient's
wishes

Haynes, B. et al. BMJ 1998;317:273-276




A Current Uni-Directional Evidence Flow

Research-Practice K Pa[ ]
Paradigm — EBM+EGM

B New Evidence Cycle Incorporating
Evidence Generating Medicine (EGM)

* Clinical care activities not entirely —————— porn . ————
. . . L J
distinct from research activities [ I [ ]
Research Practice
* Must consider EGM when we practice _
to advance science and care [ Generatio bvidence ==~ |
- Many EGM activities ongoing & need —
. Enabling Factors Stakeholders
Support to aChIeve goals ( ) ( MNational: Lawmakers, )

Policy & Organizational Payors, Regulators

. AdvanCing EGM s critical to : Fiscal & Administrative 1 [ Reglonal: Systems,
Completlng the EBM IlfeCyCIe :_ . Institutions, Practices

« Multiples enabling factors &
Stakeh()lders Embi P) and Payne PR. Medical Care. Aug 2013

F -
Individuals: Clinicians,

Informatics & Health IT Leaders, Public




We want a learning cycle, but...

Even a simple form of learning — “What did | miss?”
Absence* of feedback loops for clinicians, the system
Even when “system” has/can share new evidence
We haven’t decided to use system for “learning”

EBM:
Applying Evidence #

Research Practice

] ECGM:

----------

Generating Evidence

Embi & Payne. Medical Care, 2013
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“Learn from every patient” e

EXPERIENCE REPORT

Learning Health Syste

The Indiana Learning Health System Initiative: Early experience
developing a collaborative, regional learning health system

Local
Learning
Systems...

Overcome fragmentation among current
units/committees, ”silos of excellence”
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INNOVATIONS IN HEALTH CARE DELIVERY
| m Creating Local Learning Health Systems
Think Globally, Act Locally

Hospital recently developed and implemented a local
LHS pilot program designed to fully integrate research,
clinical care, and QI and then measured its ability to si-

and

William E. Smoyer, Transforming the delivery of health care to maximize

MD value, by Jinical outc

The Research simultaneously reducing costs, is fundamental to re-

Institute at -are. Ac

Nationwide !

Children's Hospital, damental changes to health care delivery, through so-

Columbus, Ohio; called clinical transformation efforts that better align

ﬁ The Ohio State people, processes, and technology.' As such efforts con-

wumws" tinue to gain momentum, they increasingly demon-
strate the importance of weaving continuous and sys-

Peter J. Embi, MD, tematic evidence-generating medicine activities into

ms i tice.2 This model creates i cycle

The Ohio State of systematic care improvement by coupling evidence

University, i

Columbus.

ce
embodies and enables the goals of the learning health
SusanMoffatt-Bruce,  System (LHS).?

linical care, X
generate new knowledge to improve care. The pilot pro-
gram, “Learn From Every Patient” (LFEP), included sev-
eral key features. First, a dinical program and a clinical
leader itted to systematic care for
that program were identified. Key stakeholders re-
cruited to the program included 4 physicians, 1 nurse,
T clinical staff members, 1 program administrator, 2 hos-
pital EHR team representatives, 1 enterprise data ware-
house team representative, 2 research informatics

tems team representatives, and patients and families.
Once this team was assembled, the benefits to
both the i and the patients were clarified,

MD, PhD, MBA Todate,
The Ohio State LHSs, o hnicaland
e tional integration of electronic health records (EHRs)

among multiple health care systems (ie, a top-down
ap_proach),“q ‘While substantial progress has been made

including (1) implementation of standardized care
(evidence- and expert opinion-based), (2) systematic
discrete collection of research data as part of all clinical




Lesson #3: Data are Critical

* Data relevant to health largely exist beyond
traditionally collected healthcare data

Health
Care
10%

Genetics
30%

Behavior
40%

ERVisenment
5%

Social
15%




In my case: Tachycardia at rest each day

Current

638

75 BPM, 2m ago




Informatics &
‘omics integration

Informatics must provide
coherent framework for dealing
with multi-scale, population data,
including:

* Phenome,

* Genome,

* Exposome

e their interconnections.

Mew sources of data
& knowledge:

Continuous
collection of data
from personal
SENsors
Epigenomics
Microbiomics
Different
genomes in the
body
MHanomedicine

Information

Biomedical

Need of informatics

methods and

technologies:

*+ Big data

*  Visualisation

+ DOntologies

= Prvacy
protection

* Interfacing with
SEnEOrs

+  Systems analysis

Exposome

Exposome informatics: considerations for the design of future biomedical research information systems (Sanchez FM, et al. JAMIA. 2014.)




LHS Infrastructure:
Learning From Data

*  Technology Infrastructure Basic and Pre-Clinical * Data Science
*  Data Access and Research * Knowledge Management
Management *  Human factors and Workflow
1 1 * Data and Information *  Decision and Implementation
Bridging Health IT e i

and Informatics

Optimization and Shared Vision: Verification and
Measurement of d Learn Validation of New
Impact System(s) Evidence and Methods

W) Gracs o upsane,

DOt 101002210007

LEARNING FROM DATA

Better together: Integrating biomedical informatics
and healthcare IT operations to create a learning health
system during the COVID-19 pandemic

Philip RO. Payne © | Adam B.Wilcox! | Peter ). Embi? | Christopher A Longhurst®

Abstract
The growing availabiity of multi-scale biomedical data saurces that can be used to
‘enable research and improve heakthcare delivery has brought about what can be

~datn nge.” by i
in bio-molecular, cinical, and poulation-level data that can be readity accessed
by researchers, clinicians, and decision-makers, and utilized for systems-level
‘approaches to hypothesis generation and testing as well as operational decision-mak-
ing. Howeves, taking ful advantage of these unprecedented cpportunities presents
an opportunity ta revisit the alignment between waditionally academic biomedical
informatics [BMI) and operational healthcare information technology (HIT) personnel

*  Evaluation of Data-Driven
Interventions

Analytics
Reporting
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Bt e e *  Clinical Decision Support
the COVID-19 pandemic have demonstrated greater coordination of BMI and HIT . » » o
et v e o e e s *  Clinical Systems Scallng and Dellvery n *  Guideline Delivery Systems
s s e S *  Applications “Real World” Settin gs *  Population Health
T e e *  Security Management Platforms
e m————— *  Support * Tailored Patient- or Population-
s level Messaging
1 | INTRODUCTION wfmmmwmmnmwwmmﬁmam
-~ || S T e :
e S
el : FIGURE 2 Conceptual model for a “rapid learning” healthcare system in which BMI and HIT work synergistically. In this example, four major
i S e | stages for the design and implementation of a data-driven intervention strategy are shown, spanning the capabilities of BMI and HIT leaders and

practitioners. For each stage, examples of the types of competencies and methods that contribute to each such phase are shown

Payne, PRO, Wilcox A, Embi PJ, Longhurst C. Learning Health Systems. 2022 (Learning from Data Series)



Lesson #4: Creating Al-Enabled LHS is a
Socio-Technical Challenge

- Information Technologies only part of the solution A

 Fiscal/Administrative . . \
C .. . Policy: Regulations,

* Aligning incentives Payment/Insurance

« Cultural/Behavioral J

. . . . \

Individual/Societal concerns Systems: Hospitals, Practices,
Vendors

* Must consider EGM issues
at several levels

 Policy level
e Systems level
* Individual level

/
Individual: Patients, Physicians,
Nurses

« A growing area in need of focus: Artificial Intelligence in Health/care...
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Implementation
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Informatics/
Health IT

Implementation
of Innovations

Foundational Al at VUMC: DBMI &
ADVANE Al Center; Biostatistics;
Computer Science

Health Al Research & Development




Al Discovery & Vigilance to Accelerate

Innovation & Clinical Excellence FOCUS and Goals Of AD\/ANCE CEﬂter

> ADVANCE

Expertise

Accelerate Accelerate adoption and use of Al solutions and develop best practices

Operational
Excellence

Increase Increase access to expertise in Health Al across enterprise Training

Strengthen Al capabilities to provide new and impactful insights into
health and disease Practice: Research:
Implement and Foundational and
transform health applied science
& healthcare and ,methods

Strengthen

Provide shared infrastructure, knowledge diffusion and professional
services for Al-driven solutions

Educate Expand Al in medical education across training spectrum

Ethics and

) Infrastructure
Equity

Dissemination: Develop

Grow academic and industry partnerships in Al share and deploy via

publications, partnerships
& tech transfer

Ensure that Al systems and solutions are effective, safe, and ethical

Develop Al best practices to transform health care at VUMC Health and
beyond Governance

Transform

Collaboration




VUMC Al
Governance:

Led by Al
Technology
(AIT)

@® Committee

7

Tracking and Writing policies and Managing
responding to refining approaches to procurement of
changes in federal safe, effective, "internally-" &
and state Al compliant use, while "exeternally
regulation enabling sourced" Al
research/innovation solutions
Inventory of Al Development of Al
solutions and capabilities for ongoing
deployments monitoring of
algorithms

(Algorithmovigilance)



Al-driven Healthcare

Growth in Al-driven healthcare

Ongoing development and application of such tools

Significant potential for improved care and efficiencies

Evidence of unintended negative impacts

We need for a “learning system” to:
* Monitor algorithm-driven healthcare for effects

* Mechanisms respond/adjust to unintended effects,
drift

RESEARCH ARTICLE

ECONOMICS

Dissecting racial bias in an algorithm used to manage
the health of populations

Ziad Obermeyer“%*, Brian Powers>, Christine Vogeli®, Sendhil Mullainathan*+

The NEW ENGLAND JOURNAL of MEDICINE

MEDICINE AND SOCIETY

Debra Malina, Ph.D., Editor

Hidden in Plain Sight — Reconsidering the Use
of Race Correction in Clinical Algorithms

Darshali A. Vyas, M.D., Leo G. Eisenstein, M.D., and David S. Jones, M.D., Ph.D.

rlp_] DK:MT_-‘ ".‘."f l_f(_Jl(_,im{f' www.nature.com/npjdigitalmed

REVIEW ARTICLE W) Gheok for updates

Sex and gender differences and biases in artificial intelligence
for biomedicine and healthcare

Davide Cirillo (3"'°, Silvina Catuara-Solarz**'°, Czuee Morey**, Emre Guney (3", Laia Subirats (3*’, Simona Mellino®,
Annalisa Gigante®, Alfonso Valencia'®, Maria José Rementeria', Antonella Santuccione Chadha® and Nikolaos Mavridis*®



Need to
monitor

healthcare
Algorithms

Biases in Data:
Known and Unknown

Unexpected results
can be expected

Need new systems
and approaches

Caution about
generalizability

Must monitor to
promote trust

Essential for safe,
efficient, effective and
equitable care



"Algorithmovigilance”

“The scientific methods and activities
relating to the evaluation, monitoring,
understanding, and prevention of adverse
effects of algorithms in health care.”

Akin to pharmacovigilance for monitoring
drug effects

Increasingly important as Al/ML-derived
algorithms are used

ok Open.

Invited Commentary | Health Informatics

Algorithmovigilance—Advancing Methods to Analyze and Monitor Artificial
Intelligence-Driven Health Care for Effectiveness and Equity

Peter J. Embi, MD, MS

In recent years, there has been rapid growth and expansion in the use of machine learning and other
artificial intelligence approaches applied to increasingly rich and accessible health data sets to
develop algorithms that guide and support health care.’ As they make their way into practice, such
algorithms have the potential to fundamentally transform how health care decisions are made and,
therefore, how patients are diagnosed and treated.? While such approaches hold great promise for
enabling more precise, accurate, timely, and even fair decision-making when properly developed and
applied, there is also growing evidence that systematic biases can lead to unintended and even
severe consequences.>* Mirroring disparities and inequities inherent in our society and health
system,” such biases can be inherent in not only the underlying data used to develop algorithms but
also how algorithmic interventions are deployed.

Elsewhere in JAMA Network Open, Park and colleagues® present findings from a study
evaluating different approaches to the debiasing of health care algorithms developed to predict
postpartum depression (PPD) among a cohort of pregnant women with Medicaid coverage. The
researchers, from IBM Research, leveraged the IBM MarketScan Medicaid Database, a deidentified,
individual-level claim records data set with approximately 7 million Medicaid enrollees across
multiple states, to derive their algorithms. They started by developing 2 sets of machine learning
models trained to predict 2 outcomes: (1) diagnosis or treatment for PPD and (2) postpartum mental
health service utilization. Their initial, risk-adjusted generalized linear models for each outcome
demonstrated a notable difference in the cohort with binarized race, with White patients having
twice the predicted likelihood of being diagnosed with PPD compared with Black patients and a
significantly higher likelihood of utilizing mental health services. However, as the authors point out,

+ Related article

Author affiliations and article information are
listed at the end of this article.

Embi PJ. JAMA Network Open. 2021;4(4):e214622.



Algorithmovigilance via learning health system

Study to ~ q
validate in Deploy

. Monitor to
select and use in determine
populations healthcare
) effects
settings

Develop Ctl: an%e
algorithms 2
based upon upon

data findings



Continuum of
algorithmovigilance
approaches to ongoing
model monitoring and
maintenance

Sustainable deployment
of clinical prediction
tools—a 360° approach
to model maintenance
Davis S, Embi PJ, Matheny M.
JAm Med Inform Assoc, May
2024

Reaptive

Preventive

Stability-
focused design

4 End-user Technical
4 reporting oversight E

Data-driven
oversight

Responsive

e/;i;d we.é:ld




The Vanderbilt Algorithmovigilance Monitoring and
Operations System (VAMOQOS)

/ QBT perormanice: Exampleietrics:  Novel socio-technical system
(@) Accuracy/Precision of processes and analytical

Algorithmic / . orift dashboarding for (near) real-
performance/ o ' time Health Al monitoring:
safety bounds \ @ Responsiveness &

e Organizational
governance and

2% Fairness & Equity

Just-in-time feedback oversight
To IT or clinical Fossible ctons:  Capturing and Reporting
From clinicians teams, via push Investigate cause
via feedback K J mechanisms and/ IGD 8 Adverse events
tool in BPA or in VAMOS £ Correct and update model e Team-based monitoring
dashboard & Notify clinical teams

* Responding to issues

K AI CDS in U;] Il Pause algorithm use /




Support a broad range of users with differing goals and expertise

Support diverse algorithms and implementation use cases

Enable access to model facts, criticality and organizational contacts
VAMOS Human
Cente red DeSig N: Support analytic functions including performance metric

monitoring and drift detection

Provide flexible & customizable temporal displays of algorithm
performance and impact

Emergent Design

Considerations

Receive and display feedback from algorithm end-users
Log notes and action items for each algorithm

Provide reporting tools geared to multiple audiences

Support communication about algorithmic management between
technical, operational, and clinical teams




/]

Initial Users: VANDERBILT UNIVERSITY
MEDICAL CENTER

v AIT = VUMC Al Governance Committee

Al Discovery & Vigilance to Accelerate
v VUMC Health IT Innovation & Clinical Excellence

ADVANCE



VAMOS DASHBOARD: MOCKUP

Show: All v Search: Q
Model Name v State Criticality Class Type Notices
Comelius ¥ Active Clinical BPA ]
Surgical ¥ : N
scheduling Operations Patient list
Post-partum ¥ .
hemorrhage Maint. Research Storyboard C]
AI-VTE Active Clinical Order set ]
Others ...

Show: All % Types of notices:

X All/None @ Review due soon

X| Active State

X Maintenance State
X| Inactive State

X Research Class
X Clinical Class

X| Operational Class
X Others ...

(J Feedback from end users

:= Input features

@3’8 Upcoming planned downtimes
|:] Upcoming changes/upgrades

Other anomalies ...

Show Alerts Generate Task List Generate Reports a
PERFORMANCE PROCESS OUTCOMES FAIRNESS
v ! Fire rate increase v v
Accuracy drift v v v
v v v ! Urban/rural issue
v v VTE rate increase v

Multiple metrics continuously

monitored for drift, anomalies,

and differences in sub-
populations

Alerts generated and

sent to model
contacts for any
“red” status

*Patent Pending



VAMOS Application

Vanderbilt Algorithmovigilance Monitoring and Operations System VANDERBILT UNIVERSITY

Logout

MEDICAL CENTER

Directory >
Model Name State Criticality Class Type PERFORMANCE PROCESS OUTCOMES FAIRNESS Actions
Al-VTE Active 2 Clincal Order set v v A v
Cornelius Active 3 Clinical BPA v 0 v v
Surgical scheduling  Inactive 1 Operations Patient list A v v
Post-partum hem... Maint. 1 Research Storyboard v 4 v V4 (1)

*Patent Pending



VAMOS Application

VANDERBILT

Vanderbilt Algorithmovigilance Monitoring and Operations System

UNIVERSITY

MEDICAL CENTER

Logout

Directory >
Model Name State Criticality Class Type PERFORMANCE PROCESS OUTCOMES FAIRNESS Actions
AI-VTE Active 2 Clincal Order set (v 4 v A (v 4
Estimates a patient’s risk of hospital-acquired venous thromboembalism (HA-VTE)
VUMC ID: VM-023-C036 Initiated: Updated: Version: 2.53 Financial Sponsor: Moore # Log aa Layout &
10/23/23 8/10/24
Owner: Peter Embi Clinic contact: Megan Salwei for model Q, Explore the data sl Sub-population analysis
Email: peter.embi@vumc.org Email: %= Input features ®, User feedback
Megan.Salwei@vumc.org
Phone: 615-302-1111 Phone: 615-343-1528
Display data for these locations Displaying Deployed £ Custom 1 Hr 24 Hrs Week Month Lifetime Reset
v data for 3 currently in 3 range
units. units.
PERFORMANCE PROCESS PROPERTIES A OUTCOMES & IMPACT FAIRNESS
Accuracy v Fire Rate v HA-VTE Rate v Accuracy by Race v
50 100 30 80|
40 80 | .
230 4 60 220 s O oS
S 20 S0 S50 Seof /T PN
10 N 20 5o
0 0 0 48/8 8/9 8/10 &/11 8/12 B/13 8/14)
48/8 8/9 8/10 8/11 8/12 8/13 8/14» 48/8 8/9 8/10 811 812 8/13 8/14» 48/8 8/9 8/10 8/11 8/12 8/13 8/14) mWht Bk mHisp mind =Nat mOth

*Patent Pending



Creating a Federated Algorithmovigilance (AV) Network

Tech/Human-
driven
Monitoring

Responding
to issues

Capture &
Reporting
Events

Governance
and oversight




Next Steps /
Opportunities

Expand to other users / use cases &
Validate

Invitations for early adopter sites/
VAMOS Collaborative partners

Standards development (technical, data,
API, Measures, Responses, etc.)

Enhance Platform, Grow Open-Access
efforts, Establish Network



Lesson #5: Informatics ear must help

Support Informatics-enabled LHS for discovery & care e S
Effective Al to improve prevention, diagnosis, treatment c
Al to accelerate discovery and translation to practice
Informatics & Al to overcome health disparities
Empower people and systems to improve health/care

Create a virtuous cycle of activities to advance
healthcare, quality, research, and public health

Healthcare
8 Ecosystem
inician(s)

Clinician

Systems
Thinking
(Personal lized
Medicine At
Multiple Levels)

atient

Embi, Peter J., Payne, Philip R.O. "Evidence generating medicine: redefining the
research-practice relationship to complete the evidence cycle." Medical care 51
(2013): S87-591.




Lesson #5: We can
must help

Urgency!
» People are suffering. Needlessly.

Shouldn’t have to be an MD, well-
connected, to get great care

The system isn’t working for too many

Where we know how to fix it, we must act!

Where we don'’t (yet), we must continue to
innovate!
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Questions or Comments?

m peterembi

peter.embi@vumc.org

Business Card
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