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Each of the game changers could substantially raise US GDP by 2020

Incremental annual GDP by 2020 % of 2020
$ bilh GOP

Low astimate High estimate

Long-term
impact is

even greater
- 155-325 2030 GDP
impact
M Infrastructure l270—320
885 Tatent . 165-265 o $1.7 triflion

1 Figures reflect addibonal GDP in retasl and manufacturng seciors only. Big dala could also produce cost savings in
govemment senveces and health cane ($135 bion-$285 bilion), et these do not divectly vansiate into  addbonal GOP

NOTE These hgures are based on a pamal-equeltnum analyss that estimates only first-order effects and thenefore cannot
be summed 10 caliculate the Tull economc mpact

SOURCE ' Economist Infeligence Unit, IHS Global insight, McKinsey Giobal Institute analysis |y | fchee! of Biemedical

The University of Texas
Health Science Center at Houston
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Big data analytics can generate up to $190 billion annually Low estrane
in health-care cost savings by 2020 B High estimate
Stage of Area of improvement due Potential cost savings
value chan Yo big data and analytics § tikon
* Comparative effectiveness
Clirecal * Cinical deasion support 75.150
operatons * Remote patient mondorning

* Performance ansparency

Research and PetsOnzed mediine

* RAD optimzaton
develcpment * Pharmacoviglance' Izo_ao
|

Public health * Survednce and response ls-w

1 AS0 Iinoen 23 Orug safety. “PRMNTACOVIAN0E" & J0fned Dy e Workd Health Organcanon as the sOeNCe and achvines
L3NG 10 1N GEAOCDON, ASSOSSMENT UNJENSanang aNd reventon of 20verse offects O ATy ONer AU rened
Probipm

SOURCE: World Health Organzaton; McGraey Global instiute analyss e g omedical

ormatics

The University of Texas
Health Science Center at Houston
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Exhibit 2: Primary data pools are at the heart of the big-data revolution in
healthcare.

A\~

! oY
Pharmacies -
Activity (claim »Z i > Labs/Radiology
* Owners: pay s

\

s IRAREC

Medical Records

Patient Portal

Practice Manaqemenl

Billing £
Pharmaceutical R&D data ' I Patient behavior and sentiment data
* Owner: pharmaceutical * Owners: consumers and stakeholders
companies, academia outside hoalthcare (eg. retall, apparel)
* Example data sets: clinical trals, * Example data sets: patient behaviors
high-throughput-screening and preferences, retail purchase
libraries history, exercise data captured
in running shoes

Source: MoMinsey Guoda sitte andiyss




FHIHR

Center for US Health System Reform
Business Technology Office

Artificial Intelligence for

« Health and Health Care
. \\ SN December 2017
The ‘big data
revoAlunon n hefilthf:are JSR-17-Task-002
Ccce eraung vaiue and innovation
A JASON
McKmsey&Company The MITRE Corporation

7
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o EEEHE BT IES/American Recovery and
Relnvestment Act (ARRA) 2009

— &5 5lm R RS B HORIEZR / Health Information
Technology for Economic and Clinical Health Act (HITECH)

o BEHRPEFNEITIER
Patient Protection and Affordable Care Act of 2010

+ EFKHITHIRE R T2 =
Office of the National Coordinator for Health IT(ONC)

o ELEETIRMEM SR ER
Agency for Healthcare Research and Quality (AHRQ)

o RFRERIT ORISR B2y 4 B HRI AR S5 o0
Centers for Medicare and Medicaid Services (CMS)

Sl T al ‘ School ofBlomedical
-'l'-U HC dl ||||||||||| 9
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Centers for Medicare and Medicaid
Services (CMS)

o HRAIHEBETFHIINEZR — “Meaningful Use” incentive
program by CMS —Utilizing EHRs to improve health
outcomes, three Stages

— Stage 1 — data capture and sharing
— Stage 2 — advanced clinical processes

— Stage 3 - improved outcome

e RTETFMERMHEEE— Value-based program by
CMS

— Transfer from Fee-For-Service payment models (quantity) to
Value-Based Reimbursement models (quality)

— Better care for individuals and populations, with lower cost
— Example: Readmission rates (F-{RAEFEZ)
— 30% percent of VBR by 2016; 50% percent of VBR by 2018

=l l ” I" al I ‘ School of Biomedical
Siv I Ie Informatics
The University of Texas
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Healthdata.gov

RN, FFREMHFE T BEXIERF
AR AR

o 4 [E R AEYEE — National Inpatient
Sample (NIS)
— A 32 EE B N e
— 70007 Nk / 4
— KT 204
— PREER . 1570 B 45 PR FE + DUA
— #H: $50-350/year

# UTHealth | 550277
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Enabling analytics
EMR L & secondary use of
adoption 2 2= | FEAE dota

Integration

became T
relevant

Clinical and Business

Optimization
(integrated

Infrastructure and
Analytics)

2005

2010 2015

-

e o

“CDOs have already made substantial investments in information systems. Although Iinvestment in
clinical systems will continue, it is essential for CDOs to work on optimizing the value from them"”

|
!
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* |BM

* Optum

* Oracle

* Verisk Analytics

* MEDai’s Health
 MedeAnalytics

* McKesson

* Truven Health Analytics

* Allscripts Healthcare Solutions
* Cerner

=l l )T al I | School of Biomedical
Siv I Ie Informatics 13
The University of Texas
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o RINB R M AL BT B 4R
— OPTUM (3800 /5% N\, M20055FEFH45)

— Humedica (2500 /795 N\, 2008-2013)

— Cerner Health Facts (5000/79% A\, M20007EH15)
— Truven MarketScan Commercial Claims and Encounters

(CCAE) (141217007395 N, M2000FFH45)
o EIREURGEE, RIERFALRITITEZHIPAA (Health

Insurance Portability and Accountability Act)

— 18 PHI: k44, Muhb. I, [X. WRgm<5F CPrg & 2Ll
T, FUL ik, R, BT, awh =,
pie, BT, MKE, RIS, T,
iak,  TPHBhE, AEPIRR] (FREr/ B, KEE ),

;EZ'E'H/E*%?JU?
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B 95 D A3 (R 2H 22T 9T, eMERGE — electronic medical
records and genomics

— 200746 & 594F
— RF3MeETHHEN
o FEYEEITIHRI, Precision Medicine Initiative
— 2016%FTT4A
— 4-6{0FETTHRAN
o REIMKREIEMZ, PCORNet
— 2013546
— KF22ETHRN
— e N D i IR 2 s
e OHDSI - The Observational Health Data Sciences and Informatics
o >20 HZF
e >6.6/4 N\ HE 3

:%: UTHea_lth | School of Biomedical
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Significant papers about secondary use of EHRs

N\~

nature J AMA The Joumal of the
REAVAIBAWA] GENETICS American Medical Association

Mining electronic health records: AT, .
towards better research applications Automated Identification of Postoperative

and clinical care Complications Within an Electronic Medical
Peter B. Jensen', Lars J. Jensen' and Soren Brunak'? Record Using Natural Language Processing

Abstract | Clinical data describing the phenotypes and treatment of patients represents an
underused data source that has much greater research potential than is currently realized.
Mining of electronic health records (EHRs) has the potential for establishing new patient- Harvey J. Murff, MD, MPH
s(ratifi;ation priAnciples a_nd for rgvealiljg unknown dise_ase correlations. Integrating EHR Forn anZHm‘ RN, PhD

data with genetic data will also give a finer understanding of genotype—phenotype !
relationships. However, a broad range of ethical, legal and technical reasons currently

Context Currently most automated methods to identify patient safety occurrences
rely on administrative data codes; however, free-text searches of electronic medical
Michael E. Matheny, MD, MSc, MPH  records could represent an additional surveillance approach.

hinder the systematic deposition of these data in EHRs and their mining. Here, we consider Naney Gentry, RN Objective To evaluate a natural language processing search-approach to identify
the potential for furthering medical research and clinical care using EHR data and the — postop surgical complications within a comprehensive electronic medical rec-
challenges that must be overcome before this is a reality. Kristen L. Kotter, MS ord.

e NEW ENGLAND ER— nawre
JO URNAL of MEDICINE AMA Ar:erican Medicael Association blotechnology

Original Investigation

Azithromycin and the Risk Association Between Blood Pressure Control and Risk Systematic comparison of phenome-wide association
: study of electronic medical record data and
of Cardiovascular Death of Recurrent Intracerebral Hemorrhage y " o studv dat
genome-wide assoclation stuay data
Alessandro Biffi, MD; Christopher D. Anderson, MD, MMSc; Thomas W. K. Battey, BS; Alison M. Ayres, BA;
Wayne A. Ray, Ph.D., Katherine T. Murray, M.D., Kathi Hall, B.S., Steven M. Greenberg, MD, PhD; Anand Viswanathan, MD, PhD; Jonathan Rosand, MD, MSc Joshua C Denny!2, Lisa Bastarache?, Marylyn D Ritchie®, Robert ] Carrol, Raquel Zink?, Jonathan D Mosley!,
Patrick G. Arbogast, Ph.D., and C. Michael Stein, M.B., Ch.B. Julie R Field*, Jill M Pulley*3, Andrea H Ramirez', Erica Bowton?, Melissa A Basford*, David S Carrell®,
Supplemer Peggy L Peissig’, Abel N Kho®, Jennifer A Pacheco®, Luke V Rasmussen'®, David R Crosslin'', Paul K Crane'2,
IMPORTANCE Intracerebral hemorthage (ICH)is the most severe form of stroke. Survivors are jama.com Jyotishman Pathak!?, Suzette ] Bielinski'*, Sarah A Pendergrass®, Hua Xu', Lucia A Hindorff!®,
at high risk of recurrence, death, and worsening functional disability. CMEQuiza Rongling Li', Teri A Manolio'6, Christopher G Chute!, Rex L Chisholm!7, Eric B Larson®, Gail P Jarvik!112,
ABSTRACT jamanetwo Murray H Brilliant!$, Catherine A McCarty!?, Iftikhar ] Kullo?®, Jonathan L Haines?!, Dana C Crawford?!,
i 2 123
OBJECTIVE To investigate the association between blood pressure (BP) after index ICH and CME Quest Daniel R Masys*? & Dan M Roden’
risk of recurrent ICH. Candidate gene and genome-wide association studies (GWAS) ~ large number of single variant-phenotype associations has led to the
BACKGROUND have identified genetic variants that modulate risk for serendipitous identification of single loci associated with multiple
S ;. " human disease; many of these associations require further diseases, or pleiotropy. Notable examples include variants at 9p21.3,
. P . . . . DESIGN, SETTING, AND PARTICIPANTS Single-site, tertiary care referral center observational " ;
Although several macrolide antibiotics are proarrhythmic and associated with an in- . study to replicate the results. Here we report the first which were associated initially with early myocardial infarction? and
dg isk of sudd diac death. azi hP b hought to h. inimal study of 1145 of 2197 consecutive patients with ICH presenting from July 1994 to December large-scale application of the phenome-wide association subsequently with intracranial aneurysm and abdominal aortic aneu-
creased risk of sudden cardiac death, azithromycin 1s thought to have minimal car- 2013. A total of 1145 patients with ICH survived at least 90 days and were followed up study (PheWAS) paradigm within electronic medical records ~ rysms’; variants in the human leukocyte antigen (HLA) region and
diotoxicity. However, published reports of arrhythmias suggest that azithromycin through December 2013 (median follow-up of 36.8 months [minimum, 9.8 months]). (EMR), an unbiased approach to replication and discovery IL23R, which were associated initially with inflammatory bowel dis-

may increase the risk of cardiovascular death.

UTH al I School of Biomedical
e Informatics
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Challenges of EHR Analytics

e T

SECOND
OOOOOOOOOOO

Medical
Knowledge

Tegmsin TR

Dt et

g el

DR

2 .,[..
—_:;"4‘17'7 Billing

Hogusn ik Fute

uuuuuu

Laboratory

AN NEAR et Y
Not designed for
research/analytics
BRI B4R, M,
ﬁ%,ﬁﬁ%ﬁ.
EHR data: Complex,

Heterogeneous, Incomplete,
Discrepancy

ySIRSCA R

Require expertise in
multiple disciplines such
as medicine,
biostatistics,
epidemiology, and
informatics

4 UTHealth | fzmz

Health Science Center at Houston




Descriptive: (FiA)
What happened?

* Disease categories
* Adverse events

Data (4%

Information N

Acquisition
Knowledge
Storage
Wisdom Predictive: (Till)

Processing A+ What might happen?

E> Take Tylenol * High-risk patients
Integration * Geneticrisks
Retrieval

Prescriptive: (354)

Display

What should we do?
E> *  Minimize readmissions

* Personalized therapeutics

Biomedical Discovery Healthcare Delivery Health Prevention | scwco orsiomedica
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Biomedical Informatics

Biomedical informatics (BMI) is the
interdisciplinary field that studies
and pursues the effective uses of
biomedical data, information, and
knowledge for scientific inquiry,
problem solving, and decision
making, motivated by efforts to
improve human health.

/\N\I/\ www.amia.org



Biomedical Informatics in Perspective
EMEFERFEDE

Blomedlcr_all Informatics Me_thods,

Techniques, and Theories
{x

v

Imaging Clinical Public Health
Informatics Informatics Informatics

Molecular and ¥ 1o\ es and [ Individuals | Populations
Cellular . )
Organs (Patients) § And Society
Processes

Bioinformatics

Applied Research
And Practice
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Plyb

pras

Biomedica
analytics

EHR
(CDR)

Data integration

Ontologies

Natural language

processing

Security

Analytic
Databases

Common Data Model

Statlstlcal methods 'l

k215 BRI R B B

informatics technologies used for EHR

Applications

Visual analytics

Machmellearnmg/ 5=
arning _=1\"

Distributed
computing

Data analysis

e UTHeaJth Informatics 95

Health Science Center at Houston




) |

\JJ |}
Al

= T7 KEE 2 7]

nnnnnnnnnnnnnnnnnnnnnnnnnnnn



Cerner

o SRIE HNHE TR

« EILIRSS NE

RGN

— 2017 5 ~$5.1B
— T ~24, 000

2017 Revenue S %
System sales 1,355,172,000 26%
Support and maintenance  1,046,656,000 21%
Services 2,638,981,000 51%
Reimbursed travel 101,463,000 2%
Total 5,142,272,000 100%

HealthIintent™

-4 (population health management)

e University of Texas
Heal lh Science Center at Houston

School of Biomedical

Informatics
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OPTUM | A HEALTH SERVICES AND INNOVATION COMPANY
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OPTUM | A HEALTH SERVICES AND INNOVATION COMPANY

* Optum M HEHE M, )55 %FJEEH&R, A 1L
5, [T PR S A T 1%&.5& EMRFD)EE
i =AML SSER TR S5 -

— OptumHealth LyE T Heft, S8, @FNHE
WE 25 UL i R4 Ik 55

— Optuminsight %V T g A A L HoAt By PR A4S
RERIRS, RIS E A 55 S

— OptumRx $EHEZ 55 3P B 55
o BENE]N T/ A)United Health Group (£&FkIM &
sooﬁiuﬁﬂ%es)




ACHIRVING POPULATION
HEALTH MANAGEMENT

1

o IRPENEAE R A
o THITRIHE R A%‘%?EI’J

— b 10%

>P
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Lova
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e Optum 1T7'ilf@ R S5
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LEVERAGING OUR FOUNDATION
IN DATA AND ANALYTICS

b S0 5 R A B 2B i
— 180 RIS R IEEHE (claims)
— 8500 7l R #$% C(clinical data)

o WHN P HEAT TN 43 HT (predictive analytics)
- 13 8731 fﬁ@izﬂaOptum One ' TI 43 #f

HI25H{ B 7 % (Health plans) H120~%H
OptumEl’J/Vfﬁ %

- 30X RS 1ENL SOoptumLabs &/
E%EUTHealth| ...........
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IBM Watson Health

Concoedance, 93%
A e —
(n«£38)
W e
(m=61)

Concoedance. 97%

Suge ll
(n=262)

Stage
(ns19Y)

Sge IV

(na '2‘]

0% 10% 25 0% 40% 5% 60 T0% B80% Do 100%
= Not avallable & Not recommended & For considenation & Recommaentied

ﬂwf. 1. Treiment ConCordance bDetween WHO and the MAVDT oveedd] a0 by s1a0e. MMDT Masios! moltidsOpinary tumdr Doaed. WO,
Watson for ODrcology



Flatiron Health
o MR KEIEFE ARG

— For community oncology (OncoCloud )
— For life sciences
— For academics and hospitals

o BETT. ZEEN
— 2013, S8M, Google Ventures
— 2014, S130M, Google Ventures
— 2016, S175M, Roche
— 2018, $1.9B, Acquired by Roche

o DDA
— mREHHE (FDA)
— iR s A X 2%

=l l )’ I" al I | School of Biomedical
Siv I Ie Informatics
The University of Texas
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More Health

o IWIEEIT A H] - Telemedicine
— HMEME L FEK G L2
— ML TR
— BRI MR ST R
— RIS EIEIE
o R, ZEHEMN
— 2012, B%
— 2015, S3M, New Enterprise Associates

— 2018, Y3211
o ALINJRIK
— R
— [RIT YR
— BURVER

32
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Pieces Technologies Inc.

o NTIEFHIIERST N TR REA ]
— Hospital systems and health plans
— Social service providers

— 50 N fih
o FhET. ZEHMN
— 2016, $21.6M, Jump CapitalZE6 5%
— 2018, F3KB#:
.
— ARHBPE T BE
— EEX A =

=l l )T al I | School of Biomedical
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FEIRE I R EIEE S — OHDSI

* The Observational Health Data Sciences and
Informatics (OHDSI) program is a multi-
stakeholder, interdisciplinary collaborative to
create open-source solutions that bring out the
value of observational health data through large-
scale analytics

 OHDSI has established an international network
of researchers and observational health
databases with a central coordinating center
housed at Columbia University

http://ohdsi.org # UTHealth | Sz
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The journey of the OMOP Common data model

OMOP CDMv2

OMOP CDM now Version 5, following

- i |
multiple iterations of implementation,
T testing, modifications, and expansion
"""""" o |l ol | based on the experiences of the
el R et [ . community who bring on a growing
(Concept) —
"""""""""""" sl > landscape of research use cases.
-------------------------------- Procadun l: 2 0:?:(::@
J v of Interest
i ] OMOP CDMv4
--------------------------------------- Visit ||
— Y —— C==
______ [ Otservation periad }«4 ’{ — } { L';‘}" } J
o Pu—" e [ aver_sian pariod } 1 Vst occwmece | | Opvasson |
1 > - e [—
OMOP CDMV5 Ot smoces ; ‘
Drug _ore
Pw_.@ _ daind bk o | [~ rnbiod oats dut mgct - |
v 3| Location l(—l care;sv(e l [ COM_source l -
S o 3 Provider | — '—”{é:'d!-r_:((u-vxc }_””*
g Visit_occcurrence € — Tp" — 3 L{ Codibon o l
E 3 Procedure occurrence l,: ——){ — I g ;: § -—J-{ Prododure oOOuence P—_ —d
N oo JRIES e
Z e [ g _ '
T ¥ “P__ Owevanon P
g \I l——)[ Device_cost ] g
2 Condition_occurrence I‘r s { Cohom ]
easurement andarsont
— e {___ o Vecabulary
e Standardized dived slements The University of Texas
I Fact_relationship I I Cohort I Drug_era [ Dose_era [ Condition_era I




OHDSIM 4%
OHDSI community in action

&% Coordinating
rth N center:

OHDSI Collaborators:
_ * >140researchers in academia, industry, government, health systems
* >20 countries
* Multi-disciplinary expertise: epidemiology, statistics, medical informatics,
g computer science, machine learning, clinical sciences
@@tadamawweéteéotmé}bé@?&[alvkwthm OHDSI Community:

Develo Generate
Ask clinical Design P and
: standardized i
guestion protocol . disseminate
analytics .
evidence




OHDSI4

R — 1B

Characterizing treatment pathways at scale

WL

using the OHDSI network
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OHDSI China

FW  Chinese Study Hackathon FSB -

2018 R}
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4 1
Thank you!

For questions, please contact:

Hua.Xu@uth.tmc.edu
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