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The Scale of Big Data

Information from the Internet of Thin
We have gone beyond the decimal system

Today data scientistuses Vollabyies todescribe how
much government data the NSA or FBI have on people
altogether.

Inthe near future, Brontobyte will be the measurement
to describe the type of sensor data that will be generated
from the loT (Internet of Things)

® Brontobyte
This will be our digital
universe tomorrow...

Yottabyte ©

This is our digital universe today
= 250 trillion of DVDs

@ Zettabyte

1.3 I8 of network traffic
by 2016

Exabyte @

1 EB of data is created on the internet each day = 250 million DVDs worth of information.
The proposed Square Kilometer Array telescope will generated an EB of data per day
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@ Petabyte

The CERN Large Hadroa Collider
generates 1P8 per second
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How Do You Get Big Data?

~z=z _  Every60seconds

e N7 o= N M) 98,0004 tweets
I e e i B 695,000 status updates

* 11million instant messages

Mabile, Sacial,

Big Data & The Cloud ,O 698,445 Google searches

ﬁ 168 million+ emails sent

- '“: ,, — T T
e - mn e ' 1,8207TB of data created
o e i 217 new mobile web users

7

Ao,
Q OPTUM Labs’



How Does Health Care Data Get to Be Big Data?

ejep Jo sad mau urejqo o abieyus) Jyspigeqolq

STRUCTURED DATA UNSTRUCTURED DATA
TYPES OF DATA I 17 |*
Electronic 1] Medication 1B Medication -
pill dispensers _I prescribed —I e Medication taken
oTC Diaries
Medication Trecles e Medication filled Dose Route Allergies Herbal remedies
) Out-of-pocket Alternaigive
5N NDC RxMorm expenses therapies
Demographics 5 HL7
Encounters i Employee sick days Visit type and time Chief complaint
Diagnoses Death records SNOMED  ICD-9 D‘:i]fferentj al
H E e iagnosis
Procedures | CPT IcD-9 o
; T HOME 5 r .
) ) { PERSONAL i { TREATMENTs, } || UCINE " Pathology, i !
Diagnostics (ordered) HEALTH i MONITORS. histology { REPORTS
RECORDS TESTS - | ECG Radiclogy T {
N . Lab values, b iy
Diagnostics (results) vital signs \-,.‘-.Imig‘és;‘;
Genetics i PATIENTS | 23andMe.com SNPs, arrays ; "x.:_‘"::::::::::::?::"
- . : LIKEME.COM : - - ] ’ B e, - i t
Social history i Police records Tobacco/alcohol use DIGITAL: 2 { BLOGS
v hi : i FCLINICAL - ! S
Family history Ancestry.com R i NOTES. i/ . K i
Symptoms i  Indirect from OTC purchases X ~PHYSICAL ™, { TWEETS
] : : Fitness club memberships, 7 CREDIT % E INATIONS i :
Lifestyle ) ; ) ] CARD H LS i E i
agrocery store purchases ] ¥ R i H
Socioeconomic # Census records, Zillow, LinkedIn I"PURCHASE%'_ i i PAPER [ FACEBDOK &
e ! ' e, '=. H ‘E:LINlC,AI.__.-‘ POSTINGS 3
Social network Faceboolk friends, Twitter hashtags kY E ‘-_’_"OTES_.-’ E y
Environment Climate, weather, public health databases, s T —
HealthMap.org, GIS maps, EPA, phone GPS | News feeds v
Probabilistic linkage to validate existing data or fill in missing data
Examples of biomedical data Ability to link data to an individual Data quantity
Health care center (electronic : ’ o
E] Pharmacy data health record) data - Eas:ﬂ;r -to lllnk| to ||'|d:f|d:alsl 1 '
I:I Claims data [:I Registry or clinical trial data = Hlaraertofinicto et e T
m Only aggregate data exists i ........................... J
Data outside of health care system More Less
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OptumLabs: A Health Care Data and Innovation

Collaborative

We accelerate research, innovation and translation by giving our partners access to the largest
U.S. linked patient database, world-class thought leaders and the power of multi-partner collaboration.

NS

DATA & EXPERTISE

Deep knowledge and experience working
with industry-leading linked data asset

T

CONVENING HEALTH CARE &
TECHNOLOGY LEADERS

Diverse relationships with health care and
technology industry leaders across all sectors

Q OPTUM Labs
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DATA SCIENCE

Best-in-class data analytics know-how
and data visualization

HEALTH CARE KNOWLEDGE

A collaborative with broad and deep health care
knowledge to solve health care’s greatest challenges.



Health Care “Big” Data:
The OptumLabs Data Warehouse (OLDW)

Electronic
medical records

82M

Commercial
claims

134M

Medicare
FFS claims

78M

More than 260 million de-identified lives over 25 years
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Health Care Big Data in 48TB

Amazon's Choice

WD 8TE Elements Desktop Hard Drive

by Western Digital

£71499% —— prime

FREE Delivery by Sat, Jan 19 X - 9 O O
More Buying Choices

$139.44 (23 used & new offers)

.
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What Does OptumLabs Do With “Big” Data —

Research...
Discovery by the numbers
Since the inception of OptumLabs, there have been: ﬂm!!!?nﬁ!:ﬁ

mal of the rican

1 90+ RESEARCH PROJECTS INITIATED R
thebmyj

220+ CONFERENCE PRESENTATIONS JBMR

_ .M
120+ PUBLICATIONS = CHEST

of CHEST PHYSICIANS

RESEARCH GRANTS AWARDED Lalue
42 additional grants in process ‘ H“.“'l journal of the

&
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... Translation: Opioid Key Performance Indicators (KPlIs)

Claims data-driven, comprehensive metrics

OptumLabs
convened experts
to develop

29 KPI

metrics

that look at the
many facets of
the opioid crisis.

Q OPTUM Labs

KPIs were developed in four domains
that address the opioid epidemic:

Prevention Pain
management

Opioid use Maternal and
disorder (OUD) child health
treatment

« KPIs enable coordinated UHG
benchmarking, target setting, and
performance evaluation.

+ OptumLabs county-level data
and visualizations reveal striking
geographic variation in the U.S.

« KPIs support the Optum/UHG
Opioid Taskforce to drive an
enterprise-wide response to the
solve the opioid crisis.

« Metrics have been shared via

Health Affairs in support of
public health.
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Trends in Analytics in Health Care

Value

How can we
make it happen?

Prescriptive

What will

=g
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Difficulty Gartha
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Some basic intuition on predictive models: 1D

[7.9. Jazz]
[5.0 Rock]
[6.5 Jazz]

o0 3
& SRR 8Ea 8., of o
[ [ [ [ [ |
55 6.0 65 7.0 75 8.0

Tempo

® Rock
@® Jazz
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Some basic intuition on predictive models:2D
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Tempo
Dissonance

[7.9 3.8]
[5.0 2.0]
6.5 3.0]

® Rock
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Some basic intuition on predictive models:2D
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Tempo
Dissonance

Prediction from Model
[7.9 3.8] [3.5 Jazz]

[5.0 2.0] [-2.7 Rock]

[6.5 3.0] [0.5 7?Rock?Jazz]

® Rock
® Jazz
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Some basic intuition on predictive models:2D

Tempo
Dissonance

Prediction from Model
[7.9 3.8] [3.5 Jazz]

[5.0 2.0] [-2.7 Rock]

[6.5 3.0] [0.5 7?Rock?Jazz]

35
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® Rock
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Some basic intuition on predictive models:3D

Prediction from Model
[13.1 Jazz]
[-12.7 Rock]

[ 3.2
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Jazz]
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Some basic intuition on predictive models:3D

Tempo
Dissonance
Harmony

Prediction from Model
[7.9 3.8 6.4] [13.1 Jazz]
[5.0 2.0 3.5] [-12.7 RockK]
[6.5 3.0 5.2] [ 3.2 Jazz]

Harmony

Dissonance

Tempo

® Rock
@® Jazz
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Some basic intuition on predictive models

3 S

e a8 £ &

? [7.9 3.8 6.4 6.2]
5.0 2.0 3.5 2.1]

0 [6.5 3.0 52 5.5]

4 Dimensions is beyond human visualization, but the math stays the same.

N dimensions is no different.
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Demystifying Al/ML — Deep Learning

4 OPTUMLabs’

THIS 1S YOUR MACHINE LEARNING SYSTET?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LNEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE CTHER SIDE.

WHAT IF THE ANSLIERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT

21



What do you need for deep learning predictions?

Lots of data labelled with prediction target
— thanks to EHRs and the HITECH act

Computer power
— thanks to video games

Fancy Algorithms
— thanks to high school math,
calculus 101 and linear algebra,
and an army of data scientists at
Google, Facebook, and LinkedIn

edges combinations of edges object models

&
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Neural Networks — How do They Work?

DATA

Which dataset do
you want to use?

Ratio of training to
test data: 50%
— e

Noise: 0
@

Batch size: 10
_.

REGENERATE

FEATURES

Which properties do
you want to feed in?

Q OPTUM Labs

-

=+

4 neurons

This is the output
from one neuron
Hover fo see if
farger

2 HIDDEN LAYERS

+ -

4 neurons

The owtpuls are
mixed with varying
weaighis, shown
by the thickness of
the lines.

QUTPUT
Test loss 0.512

Training loss 0.525

Colors shows
data, neuron and
weight values.

A
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Neural Networks — How do They Work?

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT

Which dataset do Which properties do T 1 Test loss 0.025
you want to use? you want to feed in? D & Training loss 0.000

§~;‘€T-? 4 neurons 4 neurons
By

Ratio of training to
test data: 50%

—
Noise: 0
e
Lo The outputs are
Saichisize. 10 WX This is the output mixed with varying
—e = from one newron. waights, shown
Howver o zee it by the thickness of
. larger: the lines.
REGENERATE sin(X,)
Colors shows
. data, neuron and |
sin(X,) . i} )

weight values.

Q OPTUM Labs’
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Where is Big Data Going in Health care?
Artificial Intelligence/Machine Learning

» Image-based specialties will see the most use

» Ophthalmology, dermatology, radiology

« Al will work alongside specialists, allowing MDs to work

more effectively, and on more challenging cases.

THE NEW YORKER nature

F MEDICINE APRIL 3, 2017 LSUE

A.I. VERSUS MD. 25 derma‘to|ogists Dermatologist-level

classification of skin cancer
with deep neural networks

What bappens when diagnosis is automated?
By Siddhartha Mukherjee

2000 biopsy-proven
images e .

Ny B2 VR 2 iy 201 | 13 SOt 04

“In every test, the

network e e e
outperformed expert ===
dermatologists.” e I
April 3, 2017 January 25, 2017

“d OPTUMLabs
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OptumLabs Innovation:

Artificial Intelligence in Administrative Processes

KEY INGREDIENTS OF ADMINISTRATIVE WORKFLOWS

[+]

I]|'|[I ]é

Set steps in a process

LIRS

B

Large amounts of

unstructured text data Q in workflow systems

Complex manual review process

=/ <§§

Decisions recorded

TYPES OF DATA MANUAL PROCESS DECISIONS

Q OPTUM Labs’

Many administrative processes for
claims
rely on analyzing text data

e Charts
* Notes
« Comments

Often, sequences of events are critical
to determine an outcome

* Groups of claims
A progression of care

The results of these decisions are well-
suited to train a neural network



Applying Deep Learning Neural Networks(DLNNSs)

Use cases underway

N

Measure/adjust

Avoidable ED visits

Unnecessary medical
claim reviews

Untimely prior
authorizations

QOPTUM Labs’

Use labeled ED visits
and EHR data /claims
data to predict patients
at risk for these visits

Use labeled claims data
to predict claims that
should be automatically
paid

Use historical prior
authorization data to
predict which requests
should be automatically
approved

Proactively reach out to
priority patients to
educate them about
alternative care options

Change claims review
process to include
automated approvals
and review claims
flagged for review

Change prior
authorization process to
include automated
approvals and requests
requiring review

Audit/monitor outcomes
of patients contacted to
identify appropriate ED

visits

* Audit/monitor

false positives

* Evaluate policy
change

* Audit/monitor false
positives

* Evaluate policy
change

27



Al Promise ...

\l‘“ st—a ¢ Jm])ut I progr 1mth n
n beat a champion Go playe

ALL SYSTEMS GO

4 OPTUMLabs’

and Risks

Powerful for images and text

May require much less data preparation
TODAY, requires large training sets

New techniques allow much smaller data

AlphaGo shows the possibility that Al can surpass
human performance in some cases (GO, Chess)

Some tasks aren’t amenable to Al (eg. crossword
puzzles)

Al doesn’t replicate human thinking or human
mistakes

The system is often a black box, which may vary
from human judgement occasionally or drift over
time.

Biased data will lead to incorporation of bias in
decision making with major implications

Need a “human in the loop” system.

28



Chatbots/Voice — Powered by Al

Any fever today or during the last
week or two?

|

Q OPTUM Labs

..... = 421 PM 100% -
®
illnesses
ccccc dered
reasonable
rmatche
3
likely
match

Common Cold

Acommon yiral infection of the nose
and throat.

Common « Usually lasts 2 weeks

Mononucleosis infection

Aclinical syndrome characterized by fever.
sore throat, and swallen lymph nodes

P TG [ T T OO SRR

70

Chatbots and voice (Alexa) are
becoming a major part of consumer’s
lives

Younger consumers prefer efficient,
online interactions for things like:

« Simple health questions
« Scheduling
« Test results

* Ordering of medicines and medical
goods

Powered by Al, chatbots and voice bots
can provide a satisfactory, if not
preferred experience

in these situations.

29



Internet of Things/\Wearables -
Health Care Insurance 3.0

Implantable
Transceiver

N,

f.l“!
M
‘ [ &7;‘ " Internet of Things
N e
] =

= |

Pill Camera

-q; éi-:.' +  Physician
.»r-%l\ B .
O YVa
3 b :

~
=

/7]
(/4

/
&
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Consumer wearables will continue to
be popular for motivated healthy
individuals.

Medical grade wearables will become
more available and useful for those with
chronic disease.

The focus will shift from the motivated
consumer or tech savvy physician to
payer plan design.

Examples:

» “steps” to reduce insurance
premiums

 motion sensors to reduce rehab time
in hip and knee surgery

» Continuous glucose monitor based
coaching

30



Individual Health Records — Ontology Mapping

i Individual Health Record

Pat Summary | Provider Directory | Tasks

Theodore S. Smith Gender: Male Birthdate: November 12,1938  Age: 79yr

Symptoms and Col

A

I

Medications

Problem Onset Data Source Type Medication Data Source Type
Adenomatous Polyp of the Colon  Aug 23, 2018 Y Methotrexate Sodium Oral Tablet & mg Y
Fall Risk Jun 4, 2018 Y Xeljanz Oral Tablet § mg 9
Rheumatoid Arthritis Jun 4, 2018 (=] Actos Oral Tablet 30 mg =
Diabetes Mellitus Type 2 Apr 18, 2010 =] Glucophage Oral Tablet 500 mg =
Essential Hypertonsion Apr 18,2010 &l Zantac Oral Tablet 160 mg Y

I
I

Allergies Tests and Exams

Allergen Reaction Data Source Type Start Date Procedure Indicator  Data Source Type
Information
Sultamethoxazole Musde Pain o
o Assa 5
Nausea Sepd, 2018 Y 2
225FM
Penicillin G Allergic fi]
Urtearia Septd, 2018 Lipid Profilein =
225 PM Blood =
Honsteroidal Anti-inflammatory  Nausea )
Drug (NSAID) - Sep4,2018 -
225PM =iy
Sepd, 2018  Xray of Knee o
9:30 AM Q0
Sep3,2018 a
11:17 AM (o}

300
150
250
125
200
g 100 - s == 2
d"A
B
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Select another individual >

Task

Attending
Name
Butler, Atfred

Attributed Practitioner

Name
Butler, Alfred

Managing Cliniclan
Name
Butier, Alfred

Opal, Edmund

Bones, Douglas

Consultant

Name

* EHR Interoperability is a long way
from happening

* An emerging approach is
longitudinal mapping into a single
ontology

Provider has a complete record
regardless of where they practice

» Patient has access to useful data
* Apple has a simple version.

Priority

elistad t2sT

- 9122919 boold
« i s1obosrT
\1e16lusnia st ni boold art Yo s1wzzsq orT

» [1bnimest & bse | e :
1i aoniz zizonpsib 1ot bswwzssm natlo mstzyz
erlt fo 9161 bns e2101 arlf of bateler ylezolo i
To viioitzele bne 1e1emeib erlf bns teediserd

-ellsw Isishs orit

Specialty
Physician: Internal Medicine

noitoA exsT |
Specialty
Physician: Internal Medicine

Specialty

.
Physician: Internal Medicine 2fleefis2eT |

Physician: Gastroenterology, Internal Medicine

anoiteoibsM

Physician: Orthopedic Surgery

2noitibnod |

Specialty
30 8 silosesia ®
(gHmm)

ag silotey2 ®
(gHmm) omiT\e160
810% 95 1d0150
mqoo:s

8\ 8sr
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Blockchain

I'™M IN MARKETING.
CAN YOU EXPLAIN
THAT IN TERMS 1
CAN UNDERSTAND?

THIS WOULD BE A
PERFECT APPLICATION
FOR BLOCKCHAIN.

I KINDA BECAUSE

DOURT YOURE A BAD
I EXPLAINER,

) RIGHT?

@ScottAdamsSays

Dilbert.com

10-17-17 @ 2017 Scott Adams, Inc./Dist. by Andrews McMeel

« Distributed, shared, tamper-free “ledger” of chronological transactions.

» Allows transactions between strangers and eliminates the need for a central
authority that recordsand stores transactions (eg. the Registry of Deeds or a
bank).

* Most obvious use is to create a usable currency without an issuing authority
(eg. Bitcoin).

« 2019 view — nobody has come up with the “killer application” for non-currency
uses of blockchain.

4 OPTUMLabs’ 2



Potential Uses of Blockchain in Health care

B Potential Benefits of Blockchain Technology
in Healthcare

Supply chain management
Drug traceability

&% %’g Opioid management

FORPAYERS FOR PROVIDERS Smart contracts, including management
& of the right to edit data
iy Venlerae e e Synaptic Alliance
calls, emails, visits) provider data (letters, calls, emails, visits) providers
* Provider data is a major issue for multiple
%% %% stakeholders — payers, providers, patients
e eoncimmannte  peamumee | °Leadsto paymentissues, patient and provider
efforts of internal databases the payer provider system data to payers H H H H
frustration, and inefficiencies, and Federal
Penalties
*L * Management of the data is done in parallel,
&% BB m BH repetitively, and by various actors without
FOR PATIENTS FORTHE INDUSTRY inherent trust.

* Humana, Optum, UnitedHealth care, Quest,

m p % fv\ and MultiPlan partnering on a blockchain pilot

ey et e =/ » Creates a synchronized, shared source of high-
" infamation @ yAnewenterrise L) quality provider data with a complete audit trail
J——— Mo omermien e and inherent data integrity.

payment experiences healthcare issues

4 OPTUMLabs’ %



Challenges and Limitations

« Data scienti_sts’are ir_1 very short supply a_nd B I G DATA

health care isn’t paying as well/as attractive as

the FANG companies SKILLS SHORTAGE

e Untrained “consumers” of health care data
analytics

» Health care data is a very attractive target for
hackers

« Constant calls for “liberating” health care data is ;i
at major odds with: :

« governmental policy

 hospital and some corporate approaches By 2018, there willbe 1.6 illon Big Deta
. a sl ortageo managers and analysts
* societal concerns
« Health care data standardization, which might
allows easy aggregation, is proceeding slowly,
and incentives aren’t aligned to accelerate this. mllllon
workers
with big data skills 140,000 - 190,000

in the U.5. alone Big Data workers

Y &
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Predictions are no different than lab tests

10:09
HEART RATE

Your heart has shown
signs of an irregular

rhythm suggestive of
atrial fibrillation.

If you have not been
diagnosed with AFib
Yy a physician, you

4 OPTUMLabs’

Search all ¥ 10:22 AM 75% )

< Tweet

. Elissa Lombardo
@elissalom
L

@tim_cook New Apple watch
saved my husbands life this week!
Only two days old and it diagnosed
A-Fib and 150bpm. He went to ER
which he never did with same
symptoms. Found major blockage
in arteries as a result. Two stents
later, he is as good as new! Telling
the world. Thank U!

712 PM - 1/10/19 - Twitter for iPad

429 Retweets 3,163 Likes

Tweet your reply

© Q ® >
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Risks: The Curse of Reverend Bayes

Without screening for high risk populations, many predictive
technologies will lead to increased costs and patient anxiety.
The new Apple Watch ECG tool is a good example:

» Prevalence of Afib in 18-64 y.o. is 0.92%, of which 0.09% is
undiagnosed

« The watch has an impressive sensitivity of 98.3% and specificity of £ ,

99.6%.

* Forevery 1,000,000 18-64 y.0.’'s who use the Apple Watch for Afib
detection:

« 8,300 will have their Afib diagnosis confirmed.
« 4,848 will be told they may have newly diagnosed Afib
« 885 (18% of 4,848) will actually have newly diagnosed Afib

« The remaining 3,963 will be told they might have Afib, but
actually don’t

» 82% of positive “findings” will be false +’s leading to excess costs
for testing, substantial anxiety, and leaving many with an ongoing
belief that they have Afib, even though confirmatory tests don'’t

s show it.

“d OPTUMLabs'
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Risks: Bias

Ad redaled o lalanye swesney ([

Amazon Prime — Same Day Delivery
Wi N ASERIEN Bk FEe ooy
Liookeng for Latanya Sweenay? Chack Latanya Sweeney's Amesis

Boston Chicago
g\ Il?
New York City Washington, D.C.
Ads by Google Q
e
iy

The Bronx
Latanyn Swoenay, Arresied? o
1) Eriar Mama and Siaie. 2) Access Ful Backgrouna
Chacks irstnty
WA IR TN AC e R TIRSn. C oy
g ’ >
Latanya Swoeney e

Public Records Fourd For Letanys Gwessney Viaw Now
wearw publcioconds comd

i

http://www.bloomberg.com/graphics/2016-amazon-same-day/

La Tanya

Soearch fior La Tanya Look Uip Fast Results now!

woew ask comiLa+Tanya Turkish - detected v 4 o) & Englishv o ©
o bir ascl she is a cook
o bir miihendis he is an engineer
o bir doktor he is a doctor
o bir hemgire she is a nurse
0 bir temizlikgi he is a cleaner
o bir polis He-she is a police
o bir asker he is a soldier
0 bir 6gretmen She's a teacher
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Big Health Care Data Risks: Privacy

Record ==

Hospital 162: Sacred Heart r—
Medical Center in
Providence
1: Emergency

mocorcycle 'Ronald ]ameson Jwas riding his 2003
darley-Davids north on Highway 25, when he
fail i’ e to the left. His

Discharge

Status under the care of an
health service
organization

Charges $71708.47

Payers 1: Medicare
6: Commercial insurance
625: Other government

Emergency EB8162: motor vehicle I

Codes traffic accident due t
loss of control; loss
control mv-mocycl

Diagnosis L e

Codes of other specified part

of pelvis

51851: pulronary
insufficiency following
trauma & surgery

2763+ hyposmelality
i P

hyponatremia
~78057: tachycardia

motorcyeie became airborne|before landing in a
W00 area. Jameson was thrown from the bike;
he“was wearing a helmet during the 12:24 nm_|
ncident. He was taken{ to Sacred Heart Hospltal
The police cited speed as the cause of the crash.
[News Review 10/18/2011]

| Age in Years

2851: acute
e emia
60

Sttt — - [
Gender Male P
ZIP 98851 &
State Reside WA
lon-Hispanic

A,
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From: Latanya Sweeney,
https://techscience.org/a/2015092903/
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