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EHR Data from Vanderbilt Biobank

EHR data are dense and efficient for discovery:
Vanderbilt’s experience (BioVU)

Vanderbilt BioVU start
biobank 248 455
enrollment
ICD Codes 57 million
CPT Codes 79 million
Clinical A .
Documentation 48 million
Radiology 3.4 million
ECGs 2.9 million
Laboratory 193 million
Medications 530 million
Vital Signs 40 million
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Making text documents useful for research

Clinical
notes,
test
reports,
etc

CC: SOB
HPI: Mr. Smith is a 65yo
w/ h/o CHF, ... nodm2...
on atenolol 50mg daily...
Mother had RA.

Billing
codes

Deidentify: remove HIPAA
identifiers + ....

CC: SOB
HPI: Mr. **jones** is a
65yo w/ h/o CHF, ... no
dm2...

on atenolol 50mg daily...
Mother had RA.

Medication
extraction

> Strength: 50 mg

Customized classifiers
(smoking status, etc)

Structured Output
DrugName: atenolol

Frequency: daily

/

Research
EHR

Find biomedical concepts and

qgualifiers; create structured data

chief_complaint:
Shortness of Breath
history_present_illness:
Congestive Heart Failure
Type 2 diabetes, negated
mother_medical_history:
rheumatoid arthritis

Structured Output

certainty (positive, negated)

Who experienced it? (patient or family

member?)



Patient 1

Patient 2

Finding a “simple” disease in the EHR: Who has hypertension?
Definition: SBP > 140 or DBP > 90

20 Has hypertension
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Our “simple” example: Hypertension
Multiple components are better

True Positive Rate
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(and blood pressure is the worst)
_|_'_ el
4
- —ICD9 codes for HTN
—Medications for HTN
High systolic or diastolic readings
—PL+DS+HP hypertension concepts
- (KMCI)
—Sum of normalized hypertension
ICD9, drug, BP, concept "BP" filtered
| —Random forest (all 56 descriptors)
0.2 0.4 0.6 0.8 1

False Positive Rate .
Teixeira, JAMIA 2016



What we learned - Finding
phenotypes in the EHR

Clinical Notes
(NLP - natural language
processing)

Billing codes
ICD9 & CPT

True cases

Medications
ePrescribing Labs & test results
& NLP NLP

Algorithm Development and Implementation

<95%

V

: Case & control -
Identify algorithm Manual review; | 295% Deploy Genetic
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Early discovery science in eMERGE — Hypothyroidism

Table 1. Evaluation of Primary Hypothyroidism Algorithm at the Five eMERGE Sites

Primary Hypothyroidism

Site Primary Phenotype Total Genotyped Subjects Cases Controls Case PPV (%) Control PPV (%)

Group Health dementia 2532 397 1,160 98 100 Algorlth mS Can
Marshfield cataracts 4113 514 1,187 91 100

Mayo Clinic peripheral arterial disease 3043 233 1,884 82 96 b e d e p I Oye d
Northwestem tvpe 2 diabetes 1217 92 470 98 100
aCross

Vanderbilt nomal cardiac conduction 2712 81 352 o8 100

All sites 13,617 1317 5053 92 47 98.57 m u Iti p | e E H RS

Genotype counts represent all subjects who were found by the hypothyroidism algorithms at each site and who were genotyped. Counts are limited to those
dassified as “white” in the electronic medical record of each site. PPV = positive predictive value.
? Average weighted for number of samples contributed to the total.

: o) — Analyses can
! be performed

1 using extant
T OGS GITE V5 G CAYT o G 19 = GIT1D e ChYTT e G data

s ChE] 3 e ChE 4 s Chir 5 Chr1 G s Chrl? s GG s Che 9 s Chy20 s Clp2q s Chra2 Chr
e ChEY Chr

Am J Hum Genet. 2011:89:529-42
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What happens in the “heart healthy” population?

1.00
|

Examined the n=5272

“heart healthy” 2 AA
population

) AG

Followed for S —

development of atrial
fibrillation based on
genotype

0.85
|

HR=1.49 per G allele
p=0.001

Atrial fibrillation-free
survival

0.80
|

— AA
— AG
— GG

0.75
|

I I I I
0 5 10 15 20

Years since normal ECG

(and no heart disease)
Ritchie et al., Circulation 2013



EHRs for drug response:

Clopidogrel adverse events associated with CYP2C19

% with death, MI, or stroke

121%
carriers M
o 8.0%

non-carriers

N=1459, P=0.01

90 180 270 360 450
days on therapy

Mega et al., NEJM 2009

Event-free survival probability

09

08

0.7

06

05

Normal
metabolizers

Carriers 7 e

N=807, P=0.005

388 258
133 95

365 730
Time (Days)

Delaney et al. Clin Pharm Ther. 2012



Deep learning for Diabetic Retinopathy

A. HEALTHY B. DISEASED

Train a machine
learning algorithm
over >128k images

Gulshan et al. JAMA 2016
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Phenome scanning (PheWAS) in the EHR
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Replications of
GWAS
associations
via PheWAS

P-value for replication:
« All-210/751: 2x108
« Powered - 51/77: 3x10-4/

Nat Biotech 2013; 31:1102-1111
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® @ e® e prostate cancer
® e e preast cancer
* melanoma
® lung cancer

o wee ® o type 2 diabetes
. ¢ hyperglyceridemia
® hypothyroidism
-e * type 1 diabetes
® gout

® morbid obesity
* nontoxic nodular goiter
alzheimer's disease
. * age-related macular degeneration
® fuchs' dystrophy
» oo multiple sclerosis
e glaucoma
* essential tremor
* restless legs syndrome
LA * atrial fibrillation
e atrial fibrillation & flutter
® hypertension
* asthma
¢ crohn's disease
chronic renal failure
. ® psoriasis vulgaris
® psoriasis
* systemic lupus erythematosus
® e e e rheumatoid arthritis
® dupuytren's disease
. ® hyperbilirubinemia
amm e oo o * hyperglyceridemia
* gout
® hypercholesterolemia
¢ abnormal glucose
® nontoxic nodular goiter
emes obesity
® vitamin d deficiency
* s magnesium metabolism disorder
*¢ phosphorus metabolism disorder
e calcium/phosphorus disorders
- ee
ees jron deficiency anemias
= » cosinophilia
ese® hypertension
= clevated prostate specific antigen

® iron metabolism disorder

osteoporosis
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Hypothyroidism NOS

Hypothyroidism

Diabetes mellitus

Lupus (localized and systemic)

Diffuse diseases of connective tissue
Diabetic retinopathy

Insulin pump user

Rheumatoid arthritis

Rheumatoid arthritis and other infl. polyarth.
Dermatomyositis

Sicca syndrome

Psoriasis

Psoriasis and related disorders
Psoriasis vulgaris

Loss of teeth or edentulism

Multiple sclerosis

Other demyelinating diseases of CNS
Other inflammatory spondylopathies
Juvenile rheumatoid arthritis

Primary biliary cirrhosis

Celiac disease

Type 1 diabetes with ophthalmic manif.
Type 1 diabetes with renal manifestations
Type 1 diabetes with neurological manif.
Type 1 diabetes with ketoacidosis

Type 1 diabetes

Ankylosing spondylitis




The potential for “call back” deeper phenotyping:
Long QT genes (SCN5SA and KCNH2) in 2,200
sequenced patients in eMERGE

« 83 rare (MAF < 1%) In SCN5A, 45 In KCNH2
« 121/128 MAF < 0.5%, 92 singletons
* Three labs assessed known/likely pathogenicity

g

\/

Van Driest et al, JAMA 2016



Calculating a Phenotype Risk Score (PheRS)

|

Repeat this for all Mendelian diseases

Bastarache et al, Science 2018



Example: a phenotype risk score in Cystic Fibrosis

CF cases CF controls
Age/Sex 18F 26M 29F 29M 18F 26M 29F 29M

Chronic airway obstruction

Pneumonia

Diseases of pancreas

Hypovolemia

Acute upper respiratory infections
Asthma

Bronchiectasis

Intestinal malabsorption

Hepatomegaly

Acute pulmonary heart disease
Phenotype Risk Score 9.8 44 6.3 7.8 25 0.7 0.0 0.7

Bastarache et al, Science 2018



PheRS
Identified
potentially
pathogenic
SNVs

N=21k on exome chip
6k SNVs

PANK2 p.G521R (AR)
mean z =0.76

CFTR p.R553* (AR)
meanz=1.35
CHRNA4 p.R483Q (AD)

meanz=1.15

CFTR p.G542* (AR)
meanz=1.04
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"""""""" @ Db o T LTI T T T T T T T T T T W T T TR a —dmeAld Wil T T T T T T T T T T T
HFE p.E168Q (AR) o °%% & .' & . o o @ < ciinical dx wit
_____ meanz=067 00Ged ® © T © © Cvmoxcowien®
SPTBN2 p.R2370H (AR) A A
meanz=1.18 A 0]
DGKE p.W322* (AR) A ® A A A A <—Hom
mean z = 1.33 AR | A i A
F10 p.R291Q (AR) ) @
mean z = 1.05 .. 8§ ® @
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mean z = 0.49 ® A 48

clinical dx with CF +
clinical genetics

Bastarache et al, Science 2018

5.0 75 10.0
z-score for residual Phenotype Risk Score



The
Precision
Medicine
Initiative

All--Us

RESEARCH PROGRAM

The All of Us Research Program —
Breaking Down Data Silos

Precision Medicine Initiative, PMI, All of Us, the All of Us logo, and The Future of Health Begins With You are service marks
of the U.S. Department of Health and Human Services.



Overview of the All of Us approach and protocol

Direct Health Care Provider
Volunteers Organizations

EHR data Health Baseline Bio-
[ Surveys measurements specimens g \wearables

Smartphones

Multiple data types linked
together by semantic standards



All of Us will aggregate data from many sources

From Healthcare Provider Orgs Data added centrally by DRC  From Direct Volunteers
---------- 1

: Sync for Science 1
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http://www.onlinetelemedicine.com/html/product/sam_images/X-Ray.jpg

Sync 4 Science (S4S) — atechnology to share health data
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Data Access Is centralized in All of Us

Traditional Approach: Bring data

to researchers

Y=

T
e

Download from
public repository

Problems

? o=

T =

« Data sharing = data copying

« Security (data handoffs)

* Huge infrastructure needed

» Siloed compute

AoU Approach: Bring
researchers to the data
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Advantages

« Cost

* Threat detection and auditing
* Increased Accessibility

* Shared compute



The power of a data biosphere of common semantics and APIs
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