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8 HEO Popup

Clopidogrel Poor Metabolizer Rules

Genetic testing has been performed and indicates this patient may be at risk
for inadequate anti-platelet response to clopidogrel (Plavix) therapy

This patient has been tested for CYP2C 19 variants, and the presence of the "2/°2 genotype has identified this patient as a poor metabolizer of
clopidogrel. Poor metabolizers treated with clopidogrel at normal doses exhibit higher rates of stent thrombosis/other cardiovascular events.
Tr is if not

© Prescribe prasugrel (EFFIENT) 10mg daily and stop clopidogre! (PLAVIX) startdate, 10 AM

Due to increased risk of g compared to clopidogrel, prasugrel should
notbe given to patients:

@ that have a history of stroke or transient ischemic attack *** Not known; please check StarPanel
® that are greater than 75 years of age
& whase body weight is less than 60 kg

Cick here tor more information

If prasugrel (EFFIENT) not please desired action:
 ‘Increase maintenance dose of clopidogre! (PLAVIX) 150 mg daily, startdate, 10AM
 Maintain requested daily dose of clopidogre! (PLAVIX) 75 mg daily, startdate, 10AM

If not using prasugrel, please select a reason:

I Contraindicated for prasugret

Cick here for more information

T o |

that pr grel (if not should replace f I this is not possible
{or, use dard dose However, there Is not a national In this
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Wisconsin K%
- FERATBHDEEGREREDEH
Vanderbilt K2 fwBEPREDICT & E
- EFIRBEBEROSEME
Mayo ClinicQEgK7 / L —7r 2R
* PGx
- BAABLUVIERICHRLEGRERRIER
- 10BA A%/ LDB
T, BERICHD LS IZZHDER
DFIEREBRBFROMEZEHMELT
MET—3FIR—X
« Mofit Cancer Center (Oracle HRI )
- BELSH Merk & AR D 2245

NHGRI Working Group® ') X k

Institution Major Projects Major Projects
MC Wisconsin Using whole genome sequencing to establish diagnosis in patients Alabama Planning stages for projects in risk assessment, pharmacogenetic
with currently genetic disord analysis, identification of families for further research
Mount Sinai . OYP2C19 ing f platel Baylor Whole exome and whole genome sequencing in Mendelian
unt Sinai ¢ Festlng for antiplatelet rx post percutaneous coronary disorders to improve glagnasis
intervention * Selection for gastric bypass surgery vs other wt loss means based
* Personalized decision support for CVD risk management on genetic variants predictive of long-term benefit from surgery
incorporating genetic risk info * 1L288 variants and response to hepatitis C treatment
Northwestern | Using pharmacogenomics evidence (from GWA genotyping) to guide _ * KRAS and BRAF mutational analysis in thyroid cancer patients
prescriptions in primary care and assess risk for other conditions Ohio State . Pevsonal.ued genomic med study of CHF and HTN pts randomized
such as HFE/hemochromatosis to genetic counseling vs usual care
— = = * CYP2C19 testing in interventional cardiovascular procedures for
Cleveland Clinic | Tumor-based screening for Lynch syndrome, endometrial cancer iical
ucsb * Screening for actionable mutations in malignant gliomas and Harvard Whole genome sequencing with integration in EMR and CDS; pilot of
glioblastomas for biomarker based RCTs 3 patients to start
* Targeted rx (such as RET inhibitor) of metastatic solid tumors UPenn ing for of Ml risk in ive C
based on tumor ion status program
Morsh S ing of 1200 i - St. Jude’s Pre-emptive PGx genotyping in children
orehouse Exome sequencing of 1200 early onset severe African American Vanderbilt 5 ptive PGx genotyping for ¢ 5l warfarin, or Tigh-doss
hypertension cases and 1200 controls " i
Duke * Computer-based family hx collection and CDS tool with 1-yr follow- U Maryland Develop and apply evidence-based gene/drug guidelines that allow
up for perceptions, attitudes, behaviors related to thrombosis and clinicians to translate genetic test results into actionable medication
breast, ovarian, and colon cancer praicribing decisions
Mayo

* SLCO1B1*5 genotyping and statin adherence
* Effect of genetic risk info on anxiety and adherence in T2DM

* PGx driven selection/dosing of antidepressants

* CYP2C19 ing for rx post PCI

Tumor-based screening for Lynch syndrome
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electronic MEdical Record + GEnome (NIH grand)
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. phase | (2007-2011) BEFRRIENERD 2 A £ 24
— BFHILT 78 L TERRphenotypingd % & DR
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(EMR-based GWAS), ELSHEITE + &5t
— eMERGE-I: Mayo Clinic, Vanderbilt XZ, Northwestern K=Z73 &
5 i E%
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BFAILTE B RRORA ) A e, [T
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12b2 (Informatics for Integrating Biology and
the Bedside)
. BT REHoWDHIFEHRE
F:E (subject) #hzE (predicate) BHIFE
(objectg DrYTLy bTHRAIE.
- Ao bOP—¢EDHEAEHLE THREAEE
L9 5. ‘—T#hﬁlEl’] TREET
- Star Schema:7—2 XA—XXF{F—T D 1
D, TOHDIZAHET 5
observation_factT— JJLIZEH SN B,
tranSMART = FS VR L—2 3 FILEDY
EEMED TS Y bih—A
- tranSMART Foundation|Z & Y) B
SNTWBA—T > Y—R(GPLY)
DTSy bI7+—L: T—337— AR
. EJ:JH? (outcome) &L‘k L) £ Z
— kv, $HF'9§lﬁ¢$ﬁ DS REH

*ﬁ IEJZ NI, ETFEERI T & DA
hVET BE (IMI: Innovative Med. Initiative)

Node Description

Blomarker Data Measurements of biomarkers such as RBM antigens, gene expressions,
antibodies and antigens in ELISA tests, and SNPs.

Clinical Data Primary and secondary endpoints, and other measurements from the
study.

Samples and Timepoints | Tested samples (such as tissue or blood) and time periods when the
samples were taken.

Scheduled Visits Periodic stages of the trial during which patients are seen.
Design Factors Compounds involved in the study, dosages, and regularity with which
the compounds were administered.

Note: With clinical trials, this node is typically named Treatment
Groups.

Sample Factors Patient information, such as demographics and medical history.

Who (BETBHR)

Patient Dimension I

[ B mEREL

SRT—2 ORI[EFERAI (Phenotyping) DREIZE

When CEBZIER)

Visit Dimension

(& 42001
PK | Patient ID Integer 1 PK: | :Racord.ID ntsger
1 Patient ID Integer
Gender Character :
\ y o Location Character
Age Real E’EE—E’I%“E/\T Start Date Date
Mother Tongue | Character
. Observation Fact End Date Date
Religion Character other attributes
other attributes o \l| PK | RecordID Integer
PK | Patient ID Integer
PK | Attribute ID Character
PK | Doctor ID Character
0 PK | Creation Date Date
What (BHEDEIR) :
L Value (Character) | Character HOW (@{é%\ @{é*ﬂ%%&)
7 & Value (Number) Real
Concept Dimension ther attribut
olherdiinbiies Provider Dimension
PK | Ontology Path Ch
o PK | Hospital+Doctor ID | Character
Attribute ID Character )
Attribute Name Character Doctor ID Character
==z -_—
other attributes ROEMOERORIRICERE Doctor Name Character
iy = S other attributes
PathZf# 5 D TEEA&RZRN A
2 +| 4 & demosrmsmar eiks.org
Sewren [T ] Gene Signatureiists e +
SearchTerms | Mavigate Terms  Acroes Tris. ° Generate Summar b5 Sumeary (@0 | [see Megots | Sre @
) Comparon | At kow | Result/Anaivis | G0 Vew | Ot et | ort b
a5 x Summary Statistics

[ Query Summary for Subset 2
t

| Category  Subset 1 (n) | Subset 1 (%en) Category ' Subset 2 (n)  Subset 2 (%en)
| o £ E B o

|Feme |1 [aren FEMAE |13 Fad =
[ o Wl am, BT
we w am wie w o
om0 o om0 o
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(integrated Clinical Omics Database)
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interpretation
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Genome-wide association study; GWAS
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Wide Associations through 12/2012

(0 Lipid or lipoprotein measure ment
() Inflammatory marker measurement

(O Hematological measurement
(@ Cardiovascular measurement

@ Liver enzyme measurement
() Body measurement

@ Other measurement

@ Other trait

g g
g, &
g8
238 8
o0e

g
3
®

. Cardiovascular disease
() Immune system disease
O Mervous system disease
(O) Response to drug

() Metabolic disease
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8 for 17 trait categories

Dx
o
7 L
_ |
- =
- LU
Vi
o s
> © m
I 2s !
w0
~ 0 I
ed W W
3 S0
s i3 Sz 5
55 T oL
SO S8 0 o8 § & S58
I\ E o8 SRS S 58
TN , z 5%
z 20
.. O ==

lona

jil Genome Research
Institute

Il Nat

s oe o 09,
gesh

GWASTRIE 1=



I

BiREFM7 7 0—F TIEERAMGHS
NETED

Rare Common Disease \ Traits
100%
80% 1
60% 1
40% 1
Missing Heritability
20% 1 I
0% l — GWAS
£ Q’ N
4;) .99 °) 4“6 s +”° o variants with ¢
o\' 4 i .\ intermediate effect
& '
e j—
- BIEAMD20% ~30%
- HARDRAE o
— BIzFM (Gene-gene) tHHE{EF =
- Pathway-integrated polygenic effects FLILVEEE @

- Bz FIRE HEER (Gene-
Environment)
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GWASH Kb Biobank~

77 LA EERHT (GWAS) 12D 2I0)—LI—7 o AFEHT (WES)
KIFEAZT )R 5 ) L —4 2 X @ (WGS)
GWASHIO Y (www genome. gov/gwastudies) FhilxZ8EE gatu& Genetics IEBRBE X TES
10 ,3:"., - \J—l/.
o |l B2k 50 | WES
w AA . B WGS

6 - l
4
2 1. I. |
0 + . : : : T .

20094 20104E 20114 20124 20134 20144 2010 2011E  2012F 2013F 2014%F
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D EEFEBioBank :
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# (exposome) Z&EHT. RHRLEHT 245/ L - 3h— k
- By EIMEPRHOFESRER KEREY RV =EBEFERxBEEER

- Erm DK FIZEBiobank

— UK biobank
- 508 NDEEHE, 40~69m% (2006-2010, 62M7R > K), 18412011-16, 25M7R> K
- BET—4 (% - R-EESOTIL, £FER 28O, BREEERIKRZEH)
— Genomics England,
- 2013FAR. 2017EFE TIZ10EADY / L BEHUNE,
- XUIOXMRITHVER (BE - Rik) . DNAEE. &AILEnglandD &
— BBMRI (Biobank/Biomole. Res. Infra.)
« 250 EDEVNFE DBioBank =i &
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Figure  Hierarchical nature of fingerprint features: by combining the ECFP features we can build
reactive centers. By pooling specific reactive centers together we obtain a pharmacophore that en-
codes a specific pharmacological effect.
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