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Population health interventions
to accomplish the triple aim in
people with diabetes

Setting the Context

Understanding the health of a

community and
burden of disease

Phenotyping methods and
implementation
to support project objectives

Foundation of electronic health record (EHR) data
from healthcare delivery in 4 counties




Risk Prediction and Intervention:
The Need for Clinical Risk Factors
and Outcomes
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Why Computable Phenotypes?
e Correct “disease” identification

e Several downstream implications
— Estimation of incidence
— Study design: include and exclude
— ldentification of “risk factors”
— Effect estimation
— Who (how) to treat and who to spare
— Bias due to incorrect disease specification

Attribution: Paramita Saha Chaudhuri, PhD
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Phenotyping and discovery.

True patient state

Recording Represents
process
\ 4
‘ Raw EHR data \
High-throughput Informs
phenotyping \
Health care
Phenotype process
model
Discover
? Informs
Knowledge
- Classify
- Predict
- Understand
- Intervene

Hripcsak G, and Albers D J J Am Med Inform Assoc
2013;20:117-121
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SEDI Medical-Social Risk
Algorithm Drives Intervention

e Different intensities of intervention

e High-intensity clinical teams vs. lower-intensity
community-based teams

e Different modes of intervention

e Patient basis, neighborhood basis, community basis
e Targeted intervention

e Stratifying patients based on risk, both at patient and
neighborhood levels
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The Diabetes Phenotype Comparison
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Problem Statement

 EHR-driven computable phenotypes exist and are
an important source of knowledge

— Electronic Medical Records and Genomics (eMERGE)
Network and Phenotype Knowledge Base

— Entities such as the Center for Medicare & Medicaid
Services

— Many others

e How should we recognize, document, implement,
and validate authoritative source phenotypes?

 How should we evaluate the best fit and utility of
phenotypes, especially applied to population health
management?

Center for Predictive Medicine
Duke Clinical Research Institute
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AProbIem Statement

e Which patients in a 5-year EHR dataset
have diabetes?

Center for Predictive Medicine
Duke Clinical Research Institute
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Research and applications

A comparison of phenotype definitions

» Additional material is
published online only. To view
please visit the journal online
(http:fidx.doi.org/10.1136/
amiajnl-2013-001952).
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ABSTRACT

Objective This study compares the yield and
characteristics of diabetes cohorts identified using
heterogeneous phenatype definitions.

Materials and methods Inclusion criteria from seven
diabetes phenotype definitions were translated into
query algorithms and applied to a population

(n=173 503) of adult patients from Duke University
Health System. The numbers of patients meeting criteria
for each definition and component (diagnosis, diabetes-
assodated medications, and laboratory results) were
compared.

Results Three phenotype definitions based heavily on
1CD-9-CM codes identified 9-11% of the patient
population. A broad definition for the Dutham Diabetes
Coalition included additional criteria and identified 13%.
The electronic medical records and genomics, NYC Alc
Registry, and diabetes-assodated medications definitions,
which have restricted or no 1CD-9-CM criteria, identified
the smallest proportions of patients (7%). The

populations. Furthermore, standard phenotype defi-
nitions can streamline the development of patient
registries from healthcare data, and enable consistent
inclusion criteria to support regional surveillance and
the identification of rare disease complications. An
understanding of the populations generated from
various phenotype definitions will inform standard
methods for identifying diabetes cohorts, facilitate
the rapid generation of patient registries and research
datasets with uniform sampling criteria, and enable
comparative and aggregate analysis. This descriptive
study presents and compares the size and characteris-
tics of patient populations retrieved using different
phenotype definitions adopted from prominent dia-

Revised DDC Diabetes Phenotype

Source:
Developed by Durham Dizbetes Coalition [DDC). January 2013, revised in May 2013.

Definition:
Adult Durham Population patients whe mest ONE OR MORE of the following criteria during a DukeMad
encounter between 2007-2011:
= One or more instances of the specified ICD-3-CM diagnosis codes [see Table 5) on any type of
encounter (inpatiert, outpatiert, ED)
= OR onz or more sctive medications associzted with DM trestment reportad during cutpatient
medicstion reconciliztion (see Table 6]
® OR two or more hemaogiobin Alc results »= 6.5% within 365 day span
' OR two or more fasting glucose results == 126 myg/dl within 365 day span
=  OR twe or more randem gluoose results »= 200 mg/dl within 365 day span
*  OR within the same 365-day span, 3t keast two of the following:
o Hemoglobin Alc result == 6.5%
= Fasting glucose result == 126 mg/dl
= Random glucose result = 200 mg/dl
= Oral Glucose Tolerance Test (OGTT) 2-howr 75g result »= 200 m;,fdl?

Table 5: Revised DDC ICD-8-CM Codes Indicating Type 2 Disbetes: 24800, 250.0x, 357 2, 362.01-07, 366.41,
but not including type 1 specific codes (250.x1 and 250.x3)

2400 SECTNDIARY DUABETES WELLFTLS WITHOUT MENTION OF COMPLICATION, NOT STATEDAS UNCDNTROLLED, O UNSPECFIED
24521 SECTINDARY DUABETES WISLIFTLS WITHOUT MENTION OF SOMPLICATION, LNOONTADLED
2430 SECONDARY DUABETES WISLLITLE WITH KETOACIORRSS, ROT STATED AS URCORTROLLED, OF URSFECIAED

SECONDARY DUABE TES MELLITLS WITH KETOACIDONS, LIMCONTROLLED

betes registries and research network:
munity intervention program in ouf
federal reporting standards.

BACKGROUND AND SIGNIFICANCE
Diabetes diagnosis and managemer

'l;g;tle_ Table 1 Data domain criteria used in selected phenotype definitions scase with
Inform) Data domain ariteria rent etiolo
North ICD-9-CM 250.x0 and  Expanded 1CD-3-CM nagement §
TDiis| Phenotype 1CD-9-CM  250.x2 (exchudes type 1 Codes (249.xx, 357.2, Fasting  Random  Abnormal  Diabetes-associated M) is the
D definitions: 250.xx specific codes) 362.0x, 366.41) HbAlc glucose  glucose OGTT medications* )
epary n the US4
Univer| 1CD-9-CM 250.xx -3 B 1
Durha X - Fcise, oral
G cow A+ A\ LLie
NYC Alc Registry e
Diabetes-associated
medications .
2 A A A A A A A
SUPREME-DM A A+ A\ A\ A\ A A Presence of Presence of
eMERGE? &+ A A A A Diabetes-related Abnormal Lab
*Medications vary by phenotype definition and are ied for each in the supgliementary appendi (available celine o], Medications Results
1The eMERGE phenotype definition consists of five case scenarios with varying combinations of criteria. Any instance of type 1 specific codes (ie, 2501, 2500x3) results in the (n = 11,8001 (n = 18,833}
exchsion of the patient.
@-s0le criteria . . i " X
A\ ~Optionl crtesia, one of many. Figure 1 Overlap of diabetes cohorts identified from different
=Distinction made between i nd A . . . . "
AP s g categories of phenotype eligibility criteria; n=24 520 patients identified
o T e e i St s o e s by criteria from any of the three categories.
Prevention, and Management of Diabetes Mellitus.

Presence of
ICD-9 Diagnosis
Codes Indicative of
Diabetes
(n =18,980)

Richesson RL, Rusincovitch SA, Wixted D, Batch BC, Feinglos MN, Miranda ML, Hammond WE, Califf RM, Spratt SE. A Comparison of Phenotype Definitions for
Diabetes Mellitus. J Am Med Inf Assoc 2013 (epub ahead of print). http://www.ncbi.nlm.nih.gov/pubmed/24026307




Individual Cohort Yields

Table 2 Demographic characteristics of cohorts returned from selected diabetes phenotype definitions

Phenotype definition
DUHS reference ICD-9-CM 250.00¢ CMS CCW (full  NYC Alc Diabetes-assodated
Characteristic population Codes ICD-9 set) Registry medications DDC phenotype SUPREME-DM eMERGE
| Pumose for phenotype | - Billing Health services  Care - Community-wide Epidemiology; community-wide Genetic
research management intervention intervention research
| Type of diabetes targeted | - All All All *T2DM prefemed *T2DM preferred Al 1T20M
exchlusive
Age—yeart (meanSD)t 41.7£17.5 56.1+15.8 56.8+15.5 56.2+15.1 54.1£153 55.6+16.3 566+159 573x154
Female sex: # and (%) 99695 (57%) 10 644 (56%) 9185 (56%) 6812 (56%) 6933 (59%) 12603 (57%) 10 681 (56%) 6524 (56%)
No of encounters§ (mean+SD)t 20433.5 46157.1 49+58.6 54+59.3 54+60.4 46456.3 48+57.9 45452.5
Length of time (in days) between first and last  8611675.9 12524587.6 1295+558.4 1365£524 5 1394+500.5 122415959 12574576.1 125815794
patient encounter (meantSD)t
Total patients identified 173 503 18893 16320 12182 11 800 22050 18 958 11 620

l % Reference population identified I nia 11% 9% 7% 7% 13% 1% 7%

*Poject focus or intent is for T2DM populations, but phenotype does not aggressively eliminate T1 DM patients.

tPatients with indications of TIDM am spedifically excluded.

tAge at the beginning of the observation period, 1 January 2007,

§Within obsenation period, 1 January 2007-31 December 2011,

CMS COW, Centers for Medicare and Medicaid Senices Chionic Condition Data Warehouse; DDC, Durham Diabetes Coalition; DUHS, Duke University Health System; eMERGE, electronic medical records and genomics; HbAlc, hemoglobin Alg
ICD-9-CM, International Classification of Disease, revision 9, dinical modification; NYC, New York City, SUPREME-DM, Suneillance, Prevention, and Management of Diabetes Mdlitus; TIDM, type 1 diabetes mellitus; T2DM, type 2 diabetes mellitus.




Challenge: Representing and
Comparing Phenotype Criteria

Table 1 Data domain criteria used in selected phenotype definitions

Data domain criteria
ICD-9-CM 250.x0 and Expanded ICD-9-CM

Phenotype ICD-9-CM 250.x2 (excludes type 1 Codes (249.xx, 357.2, Fasting Random Abnormal  Diabetes-associated
definitions: 250.xx specific codes) 362.0x, 366.41) HbA1c glucose glucose OGTT medications*
1CD-9-CM 250.xx .

i AxX\\ A+

NYC Alc Registry o

Diabetes-associated .

medications

bDC A A A A A A A

SLEREME-DM AX\\ Ax\\ WAL AN A &

eMERGE @\ A A A A

*Medications vary by phenotype definition and are listed for each in the supplementary appendix (available online only).
tThe eMERGE phenotype definition consists of five case scenarios with varying combinations of criteria. Any instance of type 1 specific codes (ie, 250.x1, 250.x3) results in the
exclusion of the patient.

@=sole criteria.

A\ =Optional riteria, one of many.

>=Distinction made between inpatient and outpatient context.
\\ = Distinction made for multiple instances and/or time points.
A\

CMS CCW, Centers for Medicare and Medicaid Services Chronic Condition Data Warehouse; DDC, Durham Diabetes Coalition; eMERGE, electronic medical records and genomics; HbA1c,
hemoglobin Alc; ICD-9-CM, International Classification of Disease, revision 9, clinical modification; NYC, New York City; OGTT, oral glucose tolerance test; SUPREME-DM, Surveillance,
Prevention, and Management of Diabetes Mellitus.




Simple Phenotype Criteria Example:
|CD-9-CM Diagnosis Category 250.xx

Source:
ICD-9-CM diagnosis code 250 with any degree of specificity in the fourth and fifth decimal precision (250.xx).

Definition:
Adult Durham Population patients who meet ONE OR MORE of the following criteria during a DukeMed
encounter between 2007-2011:
=  (One or more instances of the ICD-9-CM diagnosis code 250.xx (see table 1) for any type of encounter
(inpatient, outpatient, ED)




Complex Phenotype Criteria Example:

SUPREME-DM Phenotype

Definition:
Adult Durham Population patients who meet ONE OR MORE of the following criteria during 2a DukeMed
encounter between 2007-2011:

One or more instances of the specified ICD-9-CM diagnosis codes (see table 7) on an inpatient
encounter
OR 2 or more instances of the specified ICD-9-CM diagnosis codes (see table 7) on outpatient
encounters on separate days
OR 1 or more instances of active stand-alone medication (see table 8) reported during outpatient
medication reconciliation®
OR 1 or more Oral Glucose Tolerance Test (OGTT) 2-hour 75g result >= 200 mg/dl where there is NO
DIAGNOSIS CODE on the same encounter indicating pregnancy (V22, V23)*
OR 2 or more hemoglobin Alc results »>= 6.5% on 2 different days within 730 day span
OR 2 or more fasting glucose results >= 126 mg/dl on 2 different days within 730 day span
OR 2 or more random glucose results == 200 mg on 2 different days within 730 day span
OR within a 730 day span on 2 different days:
o Fasting glucose results >= 126 mg/dl
o AND Random glucose results >= 200 mg
OR within a 730 day span (can be same day):
o Hemoglobin Alc results >=6.5%
o AND Fasting glucose results == 126 mg/dl
OR within a 730 day span (can be same day):
o Hemoglobin Alc results >=6.5%
o AND Random glucose results == 200 mg




Very Complex Phenotype Criteria Example:
eMERGE (NW) Phenotype

Definition:
Adult Durham Population patients who meet OME OR MORE of the following criteria during 2 DukeMed
encounter between 2007-2011:
*  (Caz= 1:
o Zeroinstancesof T1 dizgnosis codes [see Table 9) on any type of encounter inpatient,
outpatient, ED)
o AND 1 or more instances of T2 diagnosis codes (see Table 10) on any type of encounter
[inpatient, outpatient, ED)
o AMD has BOTH T1 meds and T2 meds (see Table 11 and Table 12)
o AND t? med date is PRIOR TO t1 med date
* (DR Case 2:
o Zeroinstancesof T1 dizgnosis codes see Table 9) on any type of encounter inpatient,
outpatient, ED)
o AND 1or more instances of T2 diagnosis codes [see Table 10) on any type of encounter
(inpatient, outpatient, ED)
o AND has NO instancesof T1 meds (see Table 11)
o AMD has onz or more T2 meds (see Table 12)
* (DR Case 3:
o Zeroinstancesof T1 dizgnosis codes [see Table 9) on any type of encounter (inpatient,
outpatient, ED)
o AMD 1or more instances of T2 diagnosis codes (see Table 10) on any type of encounter
[inpatient, outpatient, ED)
o AND has NO instancesof T1 meds (see Table 11}
AMD has NO or more T2 meds (see Table 12)
o AMND has at least one sbnormal lab:
= Hemaoglobin Alcresult==6.5%
= Fasting glucose result>= 125 mg/dl

o

= Random glucose result >= 200 mg/dl
* (DR Case &
o Zeroinstancesof T1 dizgnosis codes [see Table 9) on any type of encounter inpatient,
outpatient, ED)
o AND Qinstancesof T2 disgnosis codes [see Table 10)on any type of encounter finpatient,
outpatient, ED)
o AND has 1 or more instances of T2 meds [see Table 12)
o AMND has at leastone sbnormal lab:
= Hemaoglobin Alcresult>=6.5%
= R Fasting glucose result >= 125 mg/d|
= OR Random glucose result >= 200 mg/dl
* OR Case &:
o Zeroinstancesof T1 dizgnosis codes (see Table 9) on any type of encounter (inpatient,
outpatient, ED)
o AMND 2 or more instances of T2 disgnosiscodes made on st lesst TWO SEPARATE dstes on any
type of encounter (inpatient, outpatient, EDY)
o AND has 1or more instances of T1 meds [s2e Table 11)
o AMD has O instances of T2 meds [see Table 12)




Phenotypes Development:
A Pragmatic Approach
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Phenotype development and validation.

Phenotype Selected For Study

Y

Primary Site Develops
Pseudocode For
Phenotype (Case and
Control Selection)

Y

Secondary Sites Review
Phenotype Pseudocode and
Give Input

¥

Primary Site Executes and
Revises Phenotype Pseudocode

Secondary Sites Execute
Phenotype Algorithm

y

Validation Guideline Developed
(Demographic Characteristics, Weight,
Blood Pressure, Medications, Laboratory
Tests, Procedures, Timing

Sites Review Validation Methods
and Give Input

Sites Conduct Validation
(Pilot and full)

Newton K M et al. J Am Med Inform Assoc 2013;20:e147-
el54
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Identify candidate phenotype
(condition or event)
Examples: diabetes, stroke, myocardial infarction

Process Diagram |
v

Attribution: Center for Predictive Medicine

v
(Analyze existing EHR definitions to choose forknmu-;icate Determine “gold standard”
. . o keep focus
5-7 authoritative computable phenotypes | insneh clinical definition/source
Authoritative sources may include professional The definition needs enough specificity for
societies, Joint Commission, CMS, AHRQ, etc unambiguous chart review and adjudication
.,/ (eg, professional societies)
p
Implement Develop statistical
al.lthﬂl‘ltatl\fe Communicate anaI?Sis plan (SAP] Communicate Y
computable | twkewiecs | and data collection | © e ocs Develop protocol for
 Insynch in synic 1
phenotypes < »  form (DCF) — ‘“:‘“ review
with Duke EHR SAP includes sampling IRBnc Laes cl art review protocol,
data e approvals, reviewer recruitment
i ——— |

REDCap
Database Go-Live

Perform chart review to create
“gold standard” cohort
Each chart is reviewed twice, with adjudication performed for
inter-reviewer discrepancies

REDCap
Database Lock

[ Analyze results
Includes sensitivity/specificity of individual authoritative
phenotypes against “gold standard” cohort,
reviewer concordance analysis, etc

¥

Evaluate fit/utility for SEDI project

¥
Blue = CPT‘-'Ed aclti;iw As appropriate: Modify authoritative phenotype to
Green = Clinician-led activity . .
Blend = Joint sffort better meet SfDI objectives

Rinse & Repeat




Recognizing Authoritative Sources

Table 1: Primary Phenotype Sources

Table 2: Secondarv Phenoty]

e Sources

Source

Comments

Source

Comments

Clmical Clazstfications
Software (CCE), alzo kmown

Only based upon diagnosis codes, but very large listmg of condiions; this
i3 the basis formest exrly SEDI varizbles.

Jomt Commizsion

The CM3/Joint Summit QualityNet is generally the better source, not
using the Joint Commission directly.

This organization evaluates hospital adherence with faderal regulations,
znd publishes a specifications manuzl for mpatient quality measurss.
Appendix A1 lists the defmitions for specific conditions, mostly based
upen ICD-9. A limitation is that these defmitions are centersd on mpatient
admissions, and may not be zpplicable m zn cutpahient settmg.

http:www jointcommizsion org specifications_manusl for national hes

pitzl_mpatient guality_messures aspx

as AHR(Q) Bundles

http:www heup-us. zhrg. gov'teolsseftwars ocs/cos.jsp
CMIS Chronic Conditions Omly basad upon diagnesis codes and procedure codes; climical review to
Warshouse (CCW) date has felt that mclusion logic can be overly broad.

hitps:www cowdata org'web ' guest'condition-categories

http:/www nebinlm nih. gov/pubmed 21649659
Mimi-Sentmel Exhanstively researched defmitions, but limited number of phenotypes

represented.

http:www mini-

sentmel org'assessments/diagnoses_snd_medical procedures/default aspx
eMER.GE Network and Probably the most well-recognized phenetypmg source at present, but
Ph=KE phenotypes library limitzd mumber of phenetypes representad; should be carsfully evaluarad

because cors mission of genomic studies can result m exclusionary logic
mappropriate for the SEDI population health focus.

hitp:/www phekb org/ phenotypes
http:wwrw nebinlm nih. govpubmed 21268473

Cuzlity Met (jomt effort of
CKIS and Jomt Commission)

Separates measures betwaen mpatient basis and outpatient basis. Geto
the “specifications manual” option; the appendmes contam specific
listmgs of ICD-9 code tables, medication tzbles, and CPT codes.

This iz one ef the only CPT code groupings that we've seen so far (CPT
licensure i3 very restrictive), but QualityMNet only includes for outpatient
context.

https - www qualitynat org

World Health Organization
(WHO) Global Burden of
Dhsease

In general, this may be useful for mental health, but probably not
helpful for most clinical condition phenotvpes.

The Global Burden of Dizease classifications ncluds both ICD-9 and
ICD-10 dizgnosis cede groupmegs. See “canse-specific documentation™
for mdividual conditions (=g, cersbrovascular disease, dizbetes mellitus,
ste).

The dizgnesis codes are not granular (=g, it just lists 230 for disbetes
mellius), due to global appheation, and the clmical conditions are very
broad. May be somewhat out of date; it appears that the classifications
date back to 2000; the lzst formal GBED update appears to hawve been 2004,
although this 15 difficult to ascertam from thewr website, However, there
are 2 lot of mental health classifications, which may be useful

http:www who.inthealthinfo/'slobal burden disesse/data sources meth
ods/=n‘mdex html

National Drug File
Referance Termmelogy

(NDF-RT)

Search on 2 term (eg, diabetes) usmg “contams™ and “name/cods™
specifiers. The results tzb for “view all” contains the “may_treat”
relationship of conditions to dmugs.

http: neitetms ned nih gov neitbrowset pages vocsbulary s dictionsr—=
National?:20Dme e 20F 1e2:20-2: 20  eference?: 20 Termmelogy

Meaningfil Use

This area needs firther research Does MU publishspecific phenoiypes
Jor diseaze conditions 7 Most documentation appears related to attestation
of techmical capacities, especially i siage 1, not cimical defmitions.

http:www . cms. gov Fegulations-and-
Guidance T emzlation EHR IncentiveProorams Meanmoful Usze html

Professional socisty
guidelines

These are zn mpertant source for defmitions of abnormal laboratory
results znd specific ranges. which zre often not representad m other
defmitions. Examples: American Dishetes Association, National Kidney
Foundation, American College of Cardiclogy

Major and well-recognized
climical trials and registries
using EHE. datz to identify
cohorts

Clmical znd expert guidance can be mmportant for identification of these
pivotal trisls; ancther potentiz] technique might be to limit results to high-
impact jowmals via 2 Publded szarch.

Attribution: Center for Predictive Medicine




Evaluating Existing Definitions

Phenotype Overview: Acute Myocardial Infarction (research by Maria V. Grau-Sepulveda)

Clinical Definition Source: loint ESC/ACCF/AHA /WHF Task Force for the Universal Definition of MI?

Table 1: Authoritative Phenotype Comparison

Source Evaluation of EHR Daota Subject Phenotype Comments Phenotype Encounter Basis
Prevalence vs. Areas
Incidence
AHRQ Bundles (Clinical Prevalence ICD-9 Diagnoses Broad definition Any encounter
Classifications Software)? AMI diagnosis codes:
o initial episode
o  subsequentepizode
o unspecified episode
CMS Chronic Conditions | Incidence ICD-9 Diagnoses Only AMI initial episode codes Inpatient basis, first/second diagnosis
Warehouse* Encounter Basis code
Mini-Sentinel #1 Incidence ICD-9 Diagnoses AMI initial /unspecified episode codes | Inpatient basis, first diagnosis code
{AMI/Anti-Diabetic Encounter Basis
Agents)* Death Data Also includes death w/i one day of ED visit
with ischemic disease codes
Mini-Sentinel #2 Incidence ICD-9 Diagnoses AMI initial /unspecified episode codes | Inpatient basis, first diagnosis code
{Validation of AMI Encounter Basis Does not include death criteria
Cases)®
CMS/loint Summits Incidence ICD-9 Diagnoses AMI initial /unspecified episode codes | Inpatient basis, first diagnosis code

QualityMet (Yale models
for AMI and HF)®

laint Commission
identification of AMIF

Encounter Basis

o W esc

w.escardio.org/guidelin

-guidelines /GuidelinesDocuments/Guidelines Univ Def Myocardial Infarc FT.pdf

(AppendixASingleDX.txt

Fwniw houp-us.ahrg.

cument/cow conditionreferencelist2011 . pdf

pww . mini-sentinel.org/work produ

Mini-Sentinel AMI-and-Anti-Diabetic-Agents Protocol.pdf

o/ fmini-sentinel.org/work products/Validation HealthOutcomes/Mini-Sentinel-Validation-of-AMI-Cases pof

Mwnwrwe . gualitynet.org/

[BlobServer? blobkey=id&blobnocache=true&blobwhere=1228EE5ET14%6&blobheader=multipart® 2F octet-

stream&blobheadernamel=

ontent-Dis

iti

on&blobheadervaluel=attachment®%3Efilename?%302.1+AMI| 4. 2a. pdf&blobcol=urldata&blobtable=MungoBlobs

“hittp:/ fwww jointcommission.org/specifications manuwal for national hospital inpatient guality measures.aspx

Attribution: Maria Grau-Sepulveda, MD, MPH




SEDI Core Data Domains

Patient Demographics
Encounters

. Diagnoses

. Procedures

. Lab Results

. Vital Signs

. Medications

. Social History

© N o UghWN R

Kahl M, Dunston FG, Morris LM, Rusincovitch SA. Traceability in Healthcare Data Sharing Projects Through the Use of Data Warehousing
Artifacts: Methods from the Southeastern Diabetes Initiative (SEDI). HDWA (Healthcare Data Warehouse Association) 2013 Annual Conference.
October 1-3, 2013, Scottsdale, Arizona. Abstract: Poster presentation.
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Healthcare Workflows and EHR Data

Data Reflective of
Biomedical Phenomena:

Vital sign measures

Direct physiological measures
(such as EKG, pulmonary
function tests, etc)

Pathology specimens

Images

» Laboratory result values .

Data Reflective of
Diagnostic Processes:

Diagnosis codes (includes
professional billing, technical
billing, medical coding)
Problem lists
Clinical narrative related to
diagnosis (including pathology
and imaging reports)

Data Reflective of Behavior,
Functioning, or Experience of

* Patient-reported outcomes
Social and family history
Other instruments addressed
to patient

Symptoms: .

Data Reflective of

Treatment Decisions:
Provider orders (including
medications)
Procedure codes
Procedure reports (such as
surgery reports)
Clinical narrative relating to
treatment plans

v
Patient-centered context, but

mediated by provider decisions
of diagnostic testing and
exposure to health system

A work in progress with Greg Simon, Michelle Smerek, and Rachel Richesson

v

Hezalthcare-centric context, but
mediated by billing processes,
medical coding conventions, and
healthcare EHR system platform




Contact Information

Shelley A. Rusincovitch, Senior Informatics Analyst
Health Intelligence and Research Services
Duke Health Technology Solutions (DHTS)

Phone: 919-668-5954 / shelley.rusincovitch@duke.edu
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