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HEALTH CARE WILL GENERATE
2,134,000,000 TERABYTES OF DATA IN 2020
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BROAD CONTENT COLLECTED & STORED AS “HEALTH DATA”

CLINICAL
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Progress notes
Vital signs
Medical histories
Diagnoses
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Immunizations
Allergies
Radiology images
Lab and test results



BROAD CONTENT COLLECTED & STORED AS “HEALTH DATA"

CLINICAL LEGAL & IDENTITY
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BROAD CONTENT COLLECTED & STORED AS “HEALTH DATA"

CLINICAL LEGAL & IDENTITY FINANCIAL
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BROAD CONTENT COLLECTED & STORED AS “HEALTH DATA"

CLINICAL LEGAL & IDENTITY FINANCIAL SOCIAL FACTORS
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BROAD CONTENT COLLECTED & STORED AS “HEALTH DATA"

CLINICAL LEGAL & IDENTITY FINANCIAL SOCIAL FACTORS FAMILY
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Progress notes Name Billing History Housing Birth records
Vital signs Contact information Payment method Food insecurity Emergency contact
Medical histories DNR Insurance Transportation information
Diagnoses Advance Directives Guarantors Social service referrals
Medications Gender Payment status Incarceration history
Immunizations Race/ethnicity Violence exposure
Allergies Language spoken

Radiology images
Lab and test results



HOW CAN ALL THAT DATA BE APPLIED?

@ PUBLIC HEALTH & POLICY
RESEARCH & DEVELOPMENT

PATIENT CARE & POPULATION HEALTH

MANAGING ORGANIZATIONS




TO MEET THOSE USE CASE WE MUST ENSURE DATA QUALITY. .

Are data values present?

Completeness

Data
Quality

Do data values adhere to specified Are data values believable?

standards and formats?

Conformance Plausibility

. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5051581/pdf/egems1244.pdf



THE APPLICATIONS OF HEALTH CARE DATA
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£ OBVIOUS - HEALTH DATA SHOULD SUPPORT MEDICAL CARE & DECISION
MAKING. BUT DATA ARE OFTEN MISSING.

I |

Percentage of missingness among patient records at Partners Healthcare (2018)
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AT A POPULATION LEVEL QUALITY DATA ARE .
NECESSARY TO RISK STRATIFY

The concept that patients' posses different underlying severity of disease or
different probabilities of negative outcomes

Total U.S. Healthcare Spending by Number of Chronic DATA HIGHLIGHTS

Conditions in 2010 86% of healthcare

spending is for
‘| j ! O patients with one
or more chronic
O O conditions.

71% of healthcare

35.0% iz
d : . spending is for
Of the total population Of all out-of-pocket health for persons L ﬁmg-".g W'T- : patients with multiple
w“h mone than Mo CAronic con |t|ﬂ|‘l5 T g =
) chronic conditions
care COStS 5 nhmnm
conditions 14.8 = Said another way,
) : - 14.6% : 71¢ of every dollar
* 1% of the population accounted for nearly a fifth of :ﬂflfﬂfﬂfms W:rt‘ of healthcare
. . . CIIFONIC conaition spending goes to
all out-of-pocket spending on health services in R R A
2016 with multiple
13.0% chronic conditions.

*  Top 5% of spenders accounted for 46%.

* the 50% of the population with the lowest out-of-
pocket spending accounted for 2% of all out-of-
pocket health spending.

for persons with
2 chranic conditions

11.2%
for persons with
4 chronic conditions

“M1.8%
fior persons with
3 chronic conditions

https://www.ahrg.gov/sites/default/files/wysiwyg/professionals/prevention-chronic-care/decision/mcc/mccchartbook. pdf
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X RISK STRATIFICATION

The goal of risk stratification is to segment patients into distinct groups of similar complexity and care needs.
Also referred to as market segmentation.
Fundamentally an identification & allocation strategy.

Systematically find those patients in the most
need of services.

Allows organization to focus resources.




5 RISK STRATIFICATION FAILS WITH POOR QUALITY DATA

RESEARCH ARTICLE

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

Ziad Obermeyer’->”, Brian Powers®, Christine Vogeli*, Sendhil Mullainathan®""
+ See all authors and affiliations

Science 25 0ct 2019:

DOl 10.1126/sclence sax2342 Abstract

Health systems rely on commercial prediction algorithms to identify and help patients with
complex health needs. We show that a widely used algorithm, typical of this industry-wide
approach and affecting millions of patients, exhibits significant racial bias: At a given risk
score, Black patients are considerably sicker than White patients, as evidenced by signs of
uncontrolled ilinesses. Remedying this disparity would increase the percentage of Black
patients receiving additional help from 17.7 to 46.5%. The bias arises because the algorithm
predicts health care costs rather than iliness, but unequal access to care means that we spend
less money caring for Black patients than for White patients. Thus, despite health care cost
appearing to be an effective proxy for health by some measures of predictive accuracy, large
racial biases arise. We suggest that the choice of convenient, seemingly effective proxies for
ground truth can be an important source of algorithmic bias in many contexts.
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MANAGING ORGANIZATIONS

Using EHR data to draw inferences about your organization’s performance

@ ® Quality metrics

Q Performance improvement
@ Workflows & time allocations




MEASURES FROM EHR LOGS

TOTAL EHR TIME PCC EHR Audit Log

Dates: 01/27/2016 12:00am to 01/27/2016 11:59¢
Patients: Pebbles Flintstone
Users:  All Users Included

TOTAL TIME FOR DOCUMENTATION Frents: Al Events ncluded

Session Date/Time / |User Patient |E\rent |Source Fﬂ

0172718 10:54:2dam  Mark Williams, M Flintstone, Pebbles Exit Patient Chart

WO R K O UTS' D E WO R K 0172716 10:54:27am Mark Williams, M Flintstone, Pebbles Access Patient Chart
01/27/16 10:54:28am Mark Williams, M Flintstone, Pebbles Access ( Cor&mnents: IDake, Infarmant/Relationship, Vitals, Social/Family H...

01/27/16 10:54:32am Mark Williams, M Flintstone, Pebbles Show Clin components: Intake, Informant/Relationship, Vitals

Social/Family History, Medical History, Family
History, Social History, Review of Systems, Adol

TIME ON PRESCRIPTIONS 01/27/16 10:55:35am Rcopia Interface (| Flintstone, Pebbles| Modify | conHearing/Vvision Questions, Safety, Nutrition,
Development (If not reviewed in Previsit
01/27/16 10:35:35am Rcopia Interface { Flintstone, Pebbles Modify ConQuestionnaire), Screening, History, Transition of Care

(ARRA], Risk Assessment (Adol Confidential), Physical
01/27/16 10:55:35am Rcopia Interface ( Flintstone, Pebbles Modify CoNExam, Assessment, Diagnoses, Lab, Medicaltest,

Medical Procedures, Immunizations, Anticipatory
Guidance Discussed, Plan, Follow Up, Referrals

01/27/16 10:35:30am Rcopia Interface ( Flintstone, Pebhles Create Co

01/27/16 10:35:35am Rcopia Interface ( Flintstone, Pebbles Delete Co

| N BOX Tl M E 01/27/16 10:35:35am Rcopia Interface ( Flintstone, Pebbles Modify Component: PCC eRx Problems

01/27/16 1:55:35am Rcopia Interface ( Flintstone, Pebbles Modify Component: Allergies @

[ Page Up l [Page Down | Page 1 /1 Back Save as CSV Close

TEAMWORK FOR ORDERS




CURRENTLY EHRs HAVE CHALLENGES

EHR
INTELLIGENCE

EHR Data Reports Fall Short for
Reporting Performance Indicators

Using MRA and EHR reports can be useful for reporting some
performance indicators, but the tools are vastly inaccurate for
reporting aspirin-related performance measures.

/2

The EHR had 72 different ways to document “aspirin”.

Only 59% of practices were able to generate
rolling 12-month measures on preventative
cardiovascular care.

59%

The Joint Commission Journal on Quality and Patient Safety 2020; 46:11-17

Using Electronic Health Records to Measure Quality
Improvement Efforts: Findings from a Large Practice
Facilitation Initiative

David T Liss, PhD; Yaw A. Peprah, MPH; Tiffany Brown, MPH; Jody D. Ciolino, PhD; Kathryn Jackson, MS;
Abel N. Kho, MD, MS; Linda Murakami, RN MSHA; Theresa L. Walunas, PhD; Stephen D. Persell, MD, MPH
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QTHE VALUE OF QUALITY DATA TO PUBLIC POLICY & PUBLIC HEALTH .
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. stats.oecd.org/Index.aspx?DataSetCode=SHA# Chetty et al JAMA 2016



THE VALUE OF
QUALITY DATA TO
PUBLIC POLICY &

PUBLIC HEALTH

AGGREGATED
HEALTH CARE DATA

5@ Regenstrief

Wnstitute

www.regenstrief.org/covid-dashboard/

COVID-19 Hospitalizations for Mar-01 - Oct-01

Hospitalizations Emergency Visits ICU Admits Recovery* Hospital Mortality
Unique Unique Unique Unique
Patients 12,911 Patients 22,970 Patients 2,577 Patients 95,655 Deaths 2,295
%ofCOVID+  11.3% %of COVID+  20.2% % of COVID+ 2.3% %of COVID+  84.5% % of Hosp. 17.8%
Hospitalizations by County, Mar-01 - Oct-01 Individuals hospitalized and discharged: Daily Totals, Mar-01 - Oct-01
® County Colors indicate relative hospitalizations © Daily Totals Hospitalizations: Non-ICU Discharges: Non-IcU .
ISDH Region based on population by County Cumulative Over Time (bars) - (Lines) U .
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M vale Female Age Group B Male Total Female
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@ AGGREGATING EHR DATA TO GENERATE POPULATION LEVEL .
ESTIMATES OF HEALTH INDICATORS

Table 1. Prevalence of Obesity, Smoking, Depression and Influenza Vaccination among Adults in Care,
New York City, 2013

2013 NYC 2013-2014 NYC .
OUTCOME MACROSCOPE® HANESP 29;3(:;5 g'l';'s
% (95% CI) % (95% CI) ° °
Obesity 27.8 (27.7-27.9) 31.3 (28.5-34.2) 247 (23.2-26.3)
Smoking 15.2 (151-15.3) 17.7 (151-20.8) 14.9 (13.6-16.3)
Depression 82 (81-8.2) 190 (16.4-21.9) n/a
Self-Report (SR)¢ n/a 15.2 (13.0-17.7) 16.4 (151-7.9)
Influenza Vaccination 20.9 (20.8-21.0) 476 (44.0-51.3) 473 (45.5-49.0)

Motes: 2@ Weighted to the NYC HANES distribution of the population in care.
b New York City Health and Nutrition Examination Survey.

€ Mew York City Community Health Survey:.

d Alternate definition: Self-reported diagnosis.
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WHY SHOULD A HEALTH CARE ORGANIZATION CARE
ABOUT USING "THEIR” DATA FOR PUBLIC POLICY & PUBLIC HEALTH?

NEEDED

DISPARITIES




S THE ABSENCE OF QUALITY DATA FOR PUBLIC POLICY B
& PUBLIC HEALTH IS DAMAGING.

YL
’%ﬁ“\{;\: PE \;\/ TOPICS PROJECTS FEATURES ABOUT GET INVOLVED Q
A

Lack of Public Data Hampers COVID-19 Fight

STATELINE ARTICLE August 3, 2020 By: Christine Vestal Topics: Health  Read time: 7 min

8,236 views | May 22, 2020, 04:26pm EDT
Are The Test NumEers

Right? Georgia, Florida
And The Deadly Trend Of
Science Suppression




@ POLICY AND PUBLIC HEALTH USE CASES REQUIRE
ATTENTION TO THE QUALITY OF NON-CLINICAL DATA

DISPARITIES ARE EXPENSIVE

Distribution of U.S. Population by

Race/Ethnicity, 2016 and 2050
Account for S93B in excess medical costs
3% "
People
of Color: People
3904 of Color:
- 52% S42B in lost productivity @
Other
M Asian
M Hispanic
= Black Population is becoming much more diverse
B White
2016 2050
Total = 323.1M Total = 388.9M

Estimates suggest by 2050, the majority of

www.kff.org/disparities-policy/issue-brief/disparities-in-health-and-health-care-five-key-questions-and-answers/ America ns W||| Identlfy as peop|e COlor @



@ RECOMMENDED VARIABLES FOR STANDARDIZED COLLECTION OF RACE & ETHNICITY .

OMB Hispanic OMB Race Granular Ethnicity
- Ethnicity?® (Select one or more)
= » Locally relevant
E « Hispanic or Latino » Black or African choices from a
= « Not Hispanic or Latino American national standard list
T « White of approximately 540
- ¢ Asian categories with
=  American Indian or CDC/HL7 codes*
p Alaska Native * “Other, D'EELEE
O « Native Hawaiian or specify:___" response
E Other Pacific Islander option

» Some other race® * Rollup to the OMB
categories
RACE

- ETHNICITY

’ LANGUAGE
DATA

https://www.nap.edu/download/12696
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£ RACE & ETHNICITY ARE FREQUENTLY NOT RECORDED
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J Am Med Inform Assoc, Volume 25, Issue 1, January 2018, Pages 17-24, https://doi.org/10.1093/jamia/ocx109

Percentage of missingness among patient records at Partners Healthcare (2018)
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THE APPLICATIONS OF HEALTH CARE DATA

RESEARCH & DEVELOPMENT




R&D
a process intended to
create new or
improved technology
that can provide a
competitive
advantage at the
business, industry, or
national level.
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APPLIED

DEVELOPMENT

THREE TYPES OF R&D
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APPLICATION OF EHR DATA IN ACADEMIC RESEARCH .

Academic papers each year on electronic health record data

(in 100,000s)
Results per 100,000 citations in PubMed :
Establish Research Cohorts

20

h Reevaluating Prior Findings
:
Z 10
%

5 Rare Outcomes

0 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Yoar Research on Stigmatized Conditions




VENTURE CAPITAL FUNDING FOR DIGITAL HEALTH INCREASED BY 858% .

16 900
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. www.healthaffairs.org/do/10.1377/hblog20181218.956406/full/
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WHAT TECHNICAL INNOVATIONS PROMISE

THE RISK WITH POOR DATA QUALITY

No amount of magic can fixt this problem.




THIS 15 YOUR MACHINE LEARNING SYSTETT?

YUP! YOU POUR THE DATA INTD THIS BIG
PILE OF UNEAR ALGEBRA, THEN (OLLECT
THE ANSLIERS ON THE OTHER SIDE.

HHTJFT{WEHEELH}E?)

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

xkcd.com/1838/




SUMMARY: DATA QUALITY

Are data values present?

Completeness

Data
Quality

Do data values adhere to specified Are data values believable?

standards and formats?

Conformance Plausibility

. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5051581/pdf/egems1244.pdf



SUMMARY: WHY DO CARE ABOUT QUALITY DATA?
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