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CHAPTER |

INTRODUCTION

This dissertation addresses potential barriers and solutions to the clinical implementation
of pharmacogenomics. Although there is an enormous amount of information in the literature
about genetic associations to common traits, very few of these findings have made their way into
the clinic. Pharmacogenomics arguably offers the best use case for widespread clinical
implementation of genomic medicine, as variants tend to have moderate allele frequencies, many
of the affected medications are relatively common, and the magnitude of effect tends to be
clinically meaningful. The second chapter of this dissertation provides background on
pharmacogenomics and existing clinical pharmacogenomic implementations. Chapters Il and IV
catalog two studies addressing identified barriers to clinical pharmacogenomic implementation.
The fourth chapter identifies further policy and knowledge barriers and provides potential
solutions. The final chapter reflects on the generalizability of the solutions identified and

highlights needed additional work to fully realize the value of pharmacogenomics in the clinic.

Barriers to Clinical Implementation of Pharmacogenomics

Lack of Equity in Pharmacogenomic Interventions

Ancestry plays an important role in known drug-genome interactions (DGIs). Many
known DGls are only relevant in one or two populations because of minor allele frequency
differences of pharmacogenomic variants across populations. Although most known
pharmacogenomic marker are the functional variant (e.g., the variant directly affecting the
clinical outcome), some markers instead are in high linkage disequilibrium (LD) with the actual
functional variant. Differential LD patterns across populations mean that some markers are
population specific — only correlating with the effect in one population but not others. These
challenges are especially apparent in pharmacogenomic models that rely on multiple variants to

predict an effect — as with genotype-guided warfarin dosing.



In Chapter 111 of this dissertation, | investigated a number of different ways to reduce
disparities in pharmacogenomic-guided warfarin dosing — primarily within African Americans.
The first method involves increasing the number of variants considered in dosing algorithms to
account for variants that are both more frequent in African Americans, and in some instances
only have effects in African-ancestry haplotypes. The second approach investigates whether
using stratified dosing models (i.e., using a separate algorithm for African American individuals)
improves on the current combined population approach. The third approach drew inspiration
from research in other domains that found using a more nuanced and biological view of
race/ancestry — measuring percent African ancestry — improved lung function predictions
compared to combined and stratified models.” In our study we used a subset of individuals who

had ancestry data available to test whether this approach could be generalized to warfarin dosing.

Assessing Physician Behavior in Response to Pharmacogenomic Interventions

Although much work has been done on assessing physician, pharmacist, and patient
knowledge and thoughts about pharmacogenomics, very little work has been done assessing
physician behavior when actually presented with pharmacogenomic information. Although the
number of programs instituting pharmacogenomic testing programs is increasing, very little data
exists on the outcomes of these programs. While randomized controlled trials can answer
whether we should implement pharmacogenomic-guided dosing, pragmatics studies are needed
to answer the real world implications when genetic data are already available. One such study
exists for clopidogrel testing, where investigators found that the majority of patients with the
highest risk genotype, and a substantial minority of those at intermediate risk were switched to
genotype-directed therapies.? Unfortunately only one study of this type is available for warfarin
and it only had four cases.® While a handful of studies exist that assessed patient outcomes after
reactive pharmacogenomic testing for warfarin dosing,*> there exists an information gap in this
space for warfarin dosing.

| address this gap in Chapter 1V of this dissertation by evaluating the Vanderbilt
PREDICT (Pharmacogenomic Resource for Enhanced Decisions in Care and Treatment)®’
program’s warfarin implementation. VVanderbilt initiated pharmacogenomics-guided warfarin

dosing in 2013 in both the inpatient and outpatient environment. In cases where genomics were



unavailable, the same advisor gave dosing recommendations using clinical data only. In this
study | examine just over two years of data for our inpatient population to assess process
outcomes (e.g., how did the actual warfarin dose ordered compare to the recommended dose) and
patient outcomes (e.g., what kinds of clinical events did the patient experience immediately
following warfarin initiation). | then compared these outcomes based on intervention type

(clinical or genetic).

Technical and Policy Barriers to Pharmacogenomic/Precision Medicine Interventions

While institutions like Vanderbilt and large consortia like the IGNITE (Implementing
GeNomics In pracTicE)® and eMERGE (Electronic MEdical Records and GEnomics)® networks
have made great strides in setting up technical and ethical best practices for pharmacogenomic
implementations, there remain a number of unsolved technical and policy barriers. A number of
groups have been convened to identify these barriers and propose solutions for known
challenges.

The American Medical Informatics Association (AMIA) convened their 2014 Annual
Health Policy Invitational meeting on the topic of precision medicine.® This meeting brought
together numerous stakeholders from academia, industry, government, healthcare and patients to
identify current policy and technical barriers to realizing precision medicine. Clinical
pharmacogenomic implementation is a subset of the types of healthcare transformations that are
imagined as part of the precision medicine vision, and most of the barriers facing
pharmacogenomic implementation are shared and magnified in precision medicine. In Chapter
V of this dissertation | provide a summary of this meeting and a synthesis of the topics discussed.
The topics were organized into specific barriers and solutions to those barriers proposed.

Finally, in Chapter VI | reflect on the generalizability and applicability of the findings of

this dissertation. | also provide context for these results as part of a learning healthcare system.™



CHAPTER II

BACKGROUND

At its most general, pharmacogenomic variation is genetic variation that associates with a
drug-related outcome. The genetic data can be based on germline genetic variants (e.g., variants
a person inherits) or somatic changes (e.g., variants that have accumulated over a person’s
lifetime). Germline variation is shared across all cells in the human body while somatic variation
can vary across different tissues. This dissertation focuses on germline pharmacogenomics.

There are three major types of pharmacogenomic effects: 1) variants that affect drug
efficacy, 2) variants that associate with drug side effects or adverse reactions, or 3) variants that
affect drug dosing. Many genetic variants fall into multiple categories (e.g., a variant may cause
a drug to be not efficacious because they are not getting a therapeutic dose).

One example of a drug-genome interaction related to efficacy is CYP2C19 and
clopidogrel. Clopidogrel is an antiplatelet drug that inhibits receptors on platelet cell membranes
to prevent activation and crosslinking of the platelet with fibrin — preventing blood clots.
Clopidogrel is administered as a prodrug, €.g., a drug that is inactive when taken, then
metabolized by CYP2C19 into its active form. Carriers of the CYP2C19 *2, *3, *4, *5, *6, *7, or
*8 variants may not metabolize clopidogrel into its active form as much, as CYPC2C19 *1/*1
wildtype individuals and therefore see reduced antiplatelet effects.?

An example of pharmacogenomic markers affecting risk for drug-related side effects is a
variant in SLCO1B1 and statin related myotoxicity. Statins are potent lipid lowering drugs that,
while generally safe, can cause a spectrum of muscle related side effects from aches/pains to
muscle breakdown and rhabdomyolysis. A single variant in SLCO1B1, rs4149056, is associated
with this response for patients taking simvastatin. SLCO1BL1 is a transporter responsible for
moving simvastatin into the liver, the site of both simvastatin activity and metabolism. This
variant reduces the function of this transporter resulting in higher extrahepatic concentrations of
simvastatin. Although the exact biology of the reaction is unknown, based on the function of this

variant it is presumed to be a toxicity reaction.®



Pharmacogenomic variants affecting dosing requirements is the focus of this dissertation
specifically those affecting warfarin dosing. As described in more detail later in this chapter,
warfarin is an anticoagulant that inhibits vitamin K mediated blood clotting. Warfarin has a
narrow therapeutic index (e.g., small differences in dose may lead to therapeutic failure —
clotting - or adverse reactions - bleeding), and a number of genetic variants have been shown to

alter dosing of warfarin (discussed below).

Ancestry and Pharmacogenomics

Genetic ancestry plays a significant role in the pharmacogenomics. Many
pharmacogenomic markers are the causative variant — for example they are coding variants that
impact the efficacy of a drug target or a drug metabolizing enzyme, or perhaps the variant
changes the relative expression of the genes, thus increasing or decreasing the amount of
functional enzymes. For causative variants, population structure is less important within a single
individual but has large consequence across groups of individuals because the frequency of the
variant may change across different populations. For example, CYP2C9*3 is highly predictive of
warfarin dose in European descent individuals (whites), but explains less of the warfarin dose
variation in African Americans due to the low minor allele frequency. This effect is not
uncommon among pharmacogenomic variation. A study of allele frequencies for 1,156 genetic
variants in 212 drug absorption, distribution, metabolism, and excretion (ADME) genes were
compared across 19 populations. Within 42 clinically actionable variants tested in this study, the
mean minor allele frequency (MAF) difference across populations was 29%. Within African and
African American individuals, the average variance was 11%.%

Other pharmacogenomic markers are not actually the functional variant, but instead co-
occur with the functional variant on some ancestral haplotypes. This linkage disequilibrium (LD)
is often population specific and thus these tagging variants may only have an impact in a single
population. Mating of individuals with different continental origins (or more generally distinct
populations) leads to admixture — or individuals who carry DNA inherited from more than one
ancestral population. The genome of their offspring has regions with LD patterns from each
ancestral population. In subsequent generations these LD blocks become smaller with more

recombination events and new LD patterns emerge in the admixed population. African



Americans are an example of this admixture process with a mixture of European and African
ancestry. An example of this effect of ancestral population in warfarin is rs12777823 in the
CYP2C cluster of genes. The functional variant is unknown, but rs12777823 is highly associated
with warfarin dose in African Americans, but not in whites due to different linkage patterns
across the two populations.

Both of these examples highlight the importance of pharmacogenomic discovery research
in diverse populations and argue for significant testing of generalizability of variation before

clinical implementation of pharmacogenomic variants.

Clinical Implementation of Pharmacogenomics

Evidence for Pharmacogenomic Intervention

When deciding on whether to implement a pharmacogenomic variant in the clinic, two
types of information are important: 1) the level of evidence supporting the recommendation and
2) the strength of the recommendation. The level of evidence is based on the strength of the
primary literature underlying the drug-gene association. For example, genetic associations that
routinely replicate and generalize across studies and populations will have a higher level of
evidence supporting the recommendation compared to variants seen only in a single study or
with variable replication across studies. The strength of the recommendation takes into account
the potential harm that may arise from the genetic interaction and the availability of alternate
therapies. In other words, even if there is strong data supporting the drug-genome association, if
the potential harm is low and there are few alternative treatments, the strength of the
recommendation will be lower than if there is significant harm from the interaction and/or there
are many viable treatment alternatives.

Two influential sources to guide clinicians and health systems on DGls for clinical use
include the Food and Drug Administration (FDA)™, and the Clinical Pharmacogenetics
Implementation Consortium (CPIC).'® The FDA issues pharmacogenomic guidance through
affected drug product labels and in some cases indicate whether pharmacogenomic testing should
be performed before treatment. CPIC was developed to create clear, curated guidelines for

germline pharmacogenomics interventions, but does not offer guidance on whether or not



providers should perform genetic testing prior to treatment. This consortium has developed
useful procedures to evaluate the levels of evidence needed to implement pharmacogenomic
interventions.*’

In general, FDA guidelines include genetic biomarkers that describe or affect: 1) drug
exposure and clinical response variability, 2) risk for adverse events, 3) genotype-specific
dosing, 4) mechanisms of drug action, and/or 5) polymorphic drug targets and disposition genes.
Particularly important drug-genome interactions are presented as “black box” warnings where: 1)
the adverse reaction is so severe that the genetic variant must be considered to properly assess
the risk or benefit of the drug, 2) a serious adverse reaction can be reduced in frequency or
severity based on use of the genetic variation, or 3) FDA approved the drug based on the
pharmacogenomic restriction to ensure safe use. The FDA list includes pharmacogenomic
guidelines for both somatic and germline variation. As of February 2016 there were a total of
167 drug-gene pairs, including 111 germline variants — of which 8 variants were subject to
“black box” warnings. A study of the FDA list in June of 2014 interpreted that the FDA guidance
required genetic testing for nine germline drug-gene pairs and recommended genetic testing for
an additional four pairs.*®

CPIC guidelines only relate to germline drug-genome interactions and are selected by the
consortium through surveys of CPIC members, availability of clinical testing for the indicated
genotype, the potential for alternate treatments, and/or the severity of consequences of ignoring
the interaction. Each drug-gene interaction with a written guideline is published in Clinical
Pharmacology and Therapeutics (CPT), and posted to the NIH Genetic Testing Registry, the
AHRQ National Guideline Clearinghouse, and the Pharmacogenomic Knowledge Base
(PharmGKB) website (www.pharmgkb.org). In addition to these human readable guidelines, a
number of the recommendations are available in computer-readable formats for easier integration
into clinical systems. All recommendations are subject to ongoing updates (typically every two
years), which include a literature review of new data and guideline modifications where

appropriate. These updates are also published in CPT.


http://www.pharmgkb.org)/

Models of Pharmacogenomic Intervention

Whether a drug-genome interaction (DGI) is selected for implementation from the FDA
list or CPIC guidelines, there are a number of implementation choices that an organization must
make. Who should be tested? What variants should they be tested for? In practice, these two
questions are often tightly linked. Under a prospective or preemptive testing model, patients are
selected for testing based on propensity to go onto a pharmacogenomics-affected drug in the
future (typically 1-5 years). Reactive genotyping on the other hand, tests patients who have a
particular indication (e.g., cardiac catheterization) who go on a drug immediately or in in the
near future (days-weeks). Under the prospective model it makes sense to test a variety of variants
affecting multiple drugs (e.g., via a panel) — increasing the value of the genetic testing. While
reactive pharmacogenomic testing can use panel tests, they typically are single-variant tests
capturing only the relevant genetic markers for particular drug-genome interaction.

The reactive genotyping model is most analogous to current non-genomic clinical care.
When a patient is prescribed a new drug they may undergo testing to confirm the safety (e.g.,
testing for normal renal function) or efficacy (e.g., screen for antibiotic susceptibility) of the
planned drug. Under this model, the patient is tested at the time the clinician decides to prescribe
a pharmacogenomics affected treatment. Due to the longer testing time for pharmacogenomic
variants, clinicians can choose to: 1) prescribe the drug immediately, without genetic data
available, exposing part of the population to increased risk of harm from adverse reactions of
inefficacy; 2) wait to prescribe the drug until genetic test results are returned, delaying therapy;
or 3) avoid the pharmacogenomic-guided therapy and start an alternate treatment that does not
need genetic testing.

From the genetics perspective, waiting to prescribe the drug until genetic data become
available is preferred, but is not feasible for drugs that are required acutely e.g., after a
myocardial infarction, stroke, etc. The third option of prescribing alternate therapies is also not
ideal as the primary drug choice is usually chosen for a reason — cost, efficacy, fewer or less
severe side effects. This approach can lead to unintended and unanticipated outcomes. As was
seen in Hong Kong, required human leukocyte antigen (HLA) genotyping to prevent
carbamazepine (an antiepileptic drug) related Stevens Johnson Syndrome (SJS), resulted in the

same frequency of SJS — just caused by different antiepileptic drugs.*®
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The largest problem with the reactive genotyping approach is the relative value of
pharmacogenomic data over time. Figure 2.1 shows a summary of length of value of
pharmacogenomic data for five common DGls. DGIs related to dosing (e.g., warfarin and

tacrolimus), rarely have value for genomic intervention after drug initiation.?>*> DGIs associated



with Figure 2.1 Value of Pharmacogenomic Information Over Time

YFerder et. al. 2010; Link et. al. 2008; *Higgs et. al. 2010;

*Hesselink et. al. 2008, Zhang et. al. 2010; *Mallal et. al. 2008
adverse reactions often have a longer period of value for genetic information. For example,
abacavir hypersensitivity reactions (associated with HLA-B genotype) usually occur within the
first 6 weeks of treatment,?® while azathioprine toxicity (related to TPMT genotype) usually
occurs within 3 months?. The longest value of pharmacogenomics data likely belongs to
simvastatin related toxicity — which can take a year or more to develop or can be prompted by
interactions with other drugs started years after simvastatin was initially prescribed.™

The prospective testing model, on the other hand, recognizes that the value of having
genetic data available at the time of prescription. This model takes advantage of the relative
stability of germline variation over time, and thus having value over the lifetime of the patient.
Under this model, genotype information gets stored in a patient’s health record, allowing the data
to be provided to the clinician prior to, or concurrent with, the prescription. This ensures the
most value from testing, including dosing DGlIs like warfarin and tacrolimus, ensuring patients
get on the appropriate first drug in cases like clopidogrel, or completely avoiding drugs with
potential adverse effects (to be replaced with alternatives) as with abacavir, azathioprine, and
simvastatin.

A disadvantage to a prospective approach is that the genotypes tested vary based on each
DGI. Thus to cover all possible future DGIs, many variants must be tested to maximize utility.
This is the reason that many prospective pharmacogenomics models rely on panel-based testing,
where genotypes for multiple variants are collected at once. This reduces the total cost of testing
and increases the potential value of testing as more variants with known DGIs are captured.

To assess the potential value of these data to identify potential benefits from this
approach and to better quantify the cost-benefit ratio, Schildcrout et. al. studied 52,942 “medical
home” patients (>3 outpatient visits at Vanderbilt within 2 years) to track exposure to drugs with
known DGIs.® Over a five-year period, 64.8% of patients followed were exposed to at least one
of 57 medications with FDA pharmacogenomic guidance, with 14% having exposure to more
than four of those medications. They calculated that potentially 383 serious adverse events could
be averted by switching to alternative therapies (based on baseline adverse reactions for those

alternatives). While those data were promising, many of the DGIs involve variants that are
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relatively rare, so even if there is sufficient drug exposure to make testing cost-effective, it is
important to test the frequency of the DGI variants in the clinical population. Van Driest et. al.
examined this question in the first 10,000 patients tested in the Vanderbilt PREDICT program.
They found that 91% of the genotyped population had at least one variant from the five clinically
implemented DGIs.%

Although panel-based testing appears to be cost effective and extracts the most value of
genetic testing done in a prospective manner, it is not without its drawbacks. Perhaps most
importantly, reimbursement for panel-based testing is currently limited. There is not a Current
Procedural Terminology (CPT) code to bill for panel testing, and it is rarely covered by private
insurance. Additionally, panel-based testing raises interesting technical and ethical questions
related to storage and communication of the results to patients and care providers. These
questions and concerns are discussed in more detail in Chapter V.

Methods for Pharmacogenomic Clinical Implementation

Once a patient has been genotyped for pharmacogenomic variants, either as a single test
or part of a panel, there are a number of ways those results are returned to the patient and/or
provider. For many genomic tests, results are returned as non-computable PDF-format files or
scanned reports inserted into the electronic health record (EHR). An alternative to the scanned
report are notes that contain the genetic results. This is the approach currently implemented by
the Tennessee Valley Veteran Affairs (VA) Hospital cancer pharmacogenomic testing program.
Although it requires more processing steps (often via natural language processing) these data can
be computer readable. Another approach is to store genetic testing results as laboratory tests in
structured formats. This may require specific technical considerations as these data need
significant pre-processing to be formatted like other laboratory results.?”? Often sites use a
combination of strategies. The PREDICT program uses this combination approach, placing
clinically actionable variants in both the laboratory test section and a special “drug-genome
interactions” section of the patient problem list. In this system, non-clinically actionable variants

are sequestered from the medical record in a separate database.®’
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In addition to storage mechanisms for genetic variants, there are also a number of
paradigms for guiding clinicians in the use of these data. One method is passive clinical decision
support (passive CDS) — essentially a type of provider education. Typically this takes the form of
a note collocated with the pharmacogenetic result that provides clear action steps for the provider
to follow (e.g., if the patient is a poor metabolizer of clopidogrel consider prescribing prasugrel if
patient does not have a history of stroke or transient ischemic attacks, is less than 75 years old
and weighs at least 60kg). While this can be an effective intervention, it requires the provider to
know about, and go looking for, this information. At best, it interrupts the physician drug
prescribing workflow to have to leave the ordering window to find the relevant testing results
and guidance; at worst, the knowledge is asynchronous to the prescribing event and is forgotten,
never seen, or ignored.

An alternative, and more efficacious, method is active clinical decision support. Active
CDS requires computer readable genotype results. In this approach, when the provider is
ordering a medication, the order is being monitored computationally for relevant guidance. If the
drug being ordered has known pharmacogenomic effects, the algorithm will look in the patient
chart for relevant genetic information. If this information is present and it is clinically actionable,
then an alert will fire and interrupt the drug ordering process to alert the clinician of the test
results and provide guidance on how to proceed. Under this example, if the drug is not subject to
alerts, the patient has not been genetically tested, or they have a normal genotype the provider is
not interrupted.

Current State of Pharmacogenomic Clinical Implementations

Even three to four years ago there were very few sites that were actively using
pharmacogenetic data in the clinic. At the time of a 2012 survey of informaticians,?® only two
sites were known to have clinical pharmacogenomics programs: St. Jude Children’s Research

1* and Vanderbilt University Medical Center.® Both sites used multiplex genotyping

Hospita
panels (St. Jude using the Affymetrix DMET plus panel and Vanderbilt using the lllumina
VeraCode ADME Core Panel} and placed results in structured forms in the electronic health

record (EHR).
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Since these early programs, a number of other pharmacogenomics initiatives have begun.
The University of Chicago has implemented a prospective pharmacogenomics program enrolling
1200 patients across 12 pre-selected clinicians. They are using a CLIA approved Sequenom
ADME panel and return results in a web portal that is not integrated into the patient’s medical
record or physician prescribing workflow.3* The University of Florida has a joint program with
Shands hospital that also uses panel-based testing on a custom Life Technologies Quant Studio
Open Array panel. Although this program is ultimately planned to be preemptive, they initially
started with reactive clopidogrel testing for patients undergoing percutaneous coronary
interventions.

The University of Florida is part of the NHGRI-funded IGNITE network that seeks to
integrate genomic information into EHRs and develop genomic based clinical decision support at
sites beyond academic medical centers. Across the consortium, three projects focus on
pharmacogenomics including the Integrated, Individualized and Intelligent Prescribing (I°P)
Network. The I°P Network is focuses on implementing germline and somatic pharmacogenomics
at five different health centers including VVanderbilt University Medical Center, the Tennessee
Valley VA Health System, Nashville General/Meharry University, and Aurora Health Care
System. The network also includes the Sanford Health System, a large non-academic health
system in the Dakotas that has implemented pharmacogenomic clinical decision support for a
variety of medications.*

The other major group working in this domain is the eMERGE consortium. The
eMERGE-PGXx project tested adult and pediatric populations for germline pharmacogenomics
variation using a custom sequencing platform.**® Like the PREDICT program, the eMERGE
network relies on storing the dense information collected through sequencing in an ancillary
system and only releasing validated, actionable DGIs into the HER. Much of the work done
within this project surrounds how to communicate this information with the EHR and clinicians

through a variety of technologies.®**’

Attitudes of Care Providers and Patients

The opinion of care providers on the value of pharmacogenomics is variable across

specialties and often differs by particular drug-genome interactions. Within a study of
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anticoagulation providers in 2009, providers identified three primary barriers to clinical inclusion
of pharmacogenomics for warfarin dosing: 1) inadequate literature evidence, 2) impracticality of
testing, and 3) unproven applicability. The study also revealed numerous knowledge gaps among
respondents.®® A 2014 study of patient perceptions of pharmacogenomic guided warfarin dosing
found general acceptance and excitement about the model.>® A recent study of providers at
Vanderbilt in 2015, found that most respondents agreed that pharmacogenomic-guided warfarin
dosing had clinical utility, though this is well educated group given existing pharmacogenomic
implementations at the medical center. This study raised important questions and concerns
providers have about the prospective testing approach used by Vanderbilt regarding whom
should be notified of drug genome interactions and which providers should be responsible for
acting on those data.*® Further questions remain over the outcomes of prospective randomized
controlled trials, and the impact their findings will have on provider adoption. These issues

remain open questions, and are discussed further in Chapter V.

Warfarin

The ability of blood to form clots is essential for human survival — it prevents small cuts
and injuries from turning into life threatening events due to blood loss. The simplest explanation
of a blood clot is that small, sticky cell fragments (platelets) form a plug when triggered by a
damaged blood vessel. This process is mediated by a number of clotting factors that both trigger,

and control, growth of the clot to meet the immediate need, but not grow too large. However, this
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Figure 2.2 Anticoagulants and the blood clotting cascade
Reproduced from Melnikova et.al. Nature Reviews Drug Discovery, 20009.

process can go awry and clots can develop inappropriately. A clot that forms and stays in a single
vessel is called a thrombus, while a clot that forms then travels to a new location of the body is
called an embolism. Common medical conditions that can arise from these types of inappropriate
clotting include venous thromboembolic disorders (VTE), of which deep vein thrombosis (DVT)
and pulmonary embolism (PE) are examples. Anticoagulants are the drug of choice for treatment
of these conditions. Anticoagulants block the action or synthesis of coagulation factors —
inhibiting the coagulation cascade and preventing clot formation.

Figure 2.2 demonstrates the blood clotting cascade and drugs that interrupt it. This
cascade can be separated into the intrinsic (shown in blue) and extrinsic pathways (shown in
pink) that share common factors (shown in orange/yellow).** The intrinsic pathway is triggered
by blood contacting exposed collagen in the blood vessel wall. Beginning with activation of

Factor XII, a cascade is initiated that activates Factor XI, and then the complex of Factor IV and
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Factor VIII. This complex then activates Factor X and its cofactor Factor V. This complex — the
prothrombinase complex, activates prothrombin to thrombin which ultimately converts
fibrinogen to fibrin, the primary component of the blood clot. The extrinsic pathway is triggered
when there is damage to the blood vessel and Factor VII comes into contact with tissue factor.
This activates Factor V11 which activates both Factor 1X and Factor X, causing the same
activation of prothrombin and fibrinogen as the intrinsic pathway.*?

There are generally four types of anticoagulants that act on this pathway. The first and
oldest class of anticoagulants are vitamin K antagonists. Vitamin K is essential to activation of
Factor VII, Factor IX, Factor X, and thrombin. Warfarin, a vitamin K antagonist, inhibits the
activation of these factors, thereby preventing clot formation. The second type of anticoagulant is
heparin, an injectable that inhibits thrombin and Factor X. It is fast acting, but typically only
used for short-term VTE prophylaxis due to the delivery mechanism and potential for severe side
effects. The latter two types of anticoagulants — often called novel oral anticoagulants (NOACsS) -
consist of direct thrombin inhibitors, and Factor X inhibitors. Dabigatran was the first direct
thrombin inhibitor introduced that is still on the market. Argatroban is another thrombin
inhibitor. Rivaroxaban and apixaban are examples of Factor X inhibitors.*®

Even with the introduction of novel oral anticoagulants, warfarin remains the most
widely prescribed chronic anticoagulant therapy.** It has a narrow therapeutic window with high
inter- and intra-individual variability in dosing requirements with effective doses ranging from 5
to 140mg per week.*>*® Warfarin is often prescribed for 1) prophylaxis or treatment of VTE, 2)
atrial fibrillation, 3) inpatients with prosthetic heat valves. The amount of anticoagulation needed
for each of these indications is different, as is the planned length of treatment.

A way to measure the efficacy of anticoagulation is through the International Normalized
Ratio (INR). The INR laboratory test is a normalized test of the extrinsic clotting pathway and
compares the length of time for the patient’s blood to clot to that of a normal control. Thus larger
INR measurements indicate a longer time to coagulation and thus less clotting ability/potential.*’
Individuals receiving warfarin treatment for VTE treatment or prophylaxis, and atrial fibrillation
typically have goal INR ranges between 2-3, while individuals with mechanical valves are
usually targeted for INRs between 2.5 to 3.5.*® Subtherapeutic INR (INR<1.5) is associated with
increased VTE risk, while supratherapeutic (INR>4) is association with increased risk for

bleeding events.**4°
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Due to the wide dose variability of warfarin, patients are usually started on an
intermediate dose that is either a standard starting dose (usually 5mg/day), or is tailored based on
clinical (and in some cases, pharmacogenomic) information. The patient is then closely followed
with INR testing and dose adjustments until a stable INR within the goal range is reached. For
example, if the patient has subtherapeutic INR (< 2), the weekly dose may be increased 5-20%.

If the patient has marginally high INR (3.6-4) a single dose may be withheld and the weekly dose
decreased 10-15%. Patients with very supratherapeutic levels (> 4) often hold at least one dose
and then reduce their weekly dose 10-20%."®

Warfarin-related over- and under-dosing was responsible for over a third of all
emergency hospitalizations for adverse drug events in 2009.°°°! Estimates of the cost of

warfarin-related hemorrhages range into the hundreds of millions of dollars annually.

Pharmacogenomics

A number of candidate gene, genome-wide association studies (GWAS), and sequencing
studies have been performed to identify genetic variation that explains inter-individual variability
in warfarin dose.>*** Variants associated with stable warfarin dose tend to occur across both
pharmacokinetic and pharmacodynamics targets of warfarin. A summary of warfarin metabolism
and mechanism of action from Johnson et. al. 2011 is presented in Figure 2.3 Warfarin is
administered as a racemic mixture of two enantiomers. Although both enantiomers have
inhibitory effects on VKORC1 (vitamin K epoxide reductase complex subunit 1, the gene that
reduces Vitamin K to be use to activate clotting factors), the S-enantiomer is significantly more
potent (3-5 times) than the R-enantiomer,>® and is predominantly metabolized by CYP2C9.
Although more than thirty markers have been associated to warfarin dose, variants in VKORC1
and CYP2C9 explain approximately 25% and 15% of the variation in warfarin dose
respectively.***3

VKORC1 is the primary pharmacodynamic target of warfarin and the driver of its effect
on INR, thus variations in this gene are contributors to warfarin dose variability. The most
common and widely used VKORC1 variant is rs9923231 (-1639G>A), a non-coding SNP in a
transcription factor binding site, reduces gene expression of VKORC1.%® This reduced gene

expression results in lower levels of functional protein, therefore less warfarin is needed to
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inactivate the available protein. Carriers of the A allele are more highly sensitive to warfarin
(i.e., require lower doses) as there is already reduced activity of VKORC1. The -1639G>A
variant occurs in almost perfect linkage disequilibrium (LD) with rs9934438 (1173C>T) and it
remains unclear which (or neither/both) is the functional variant.>’ Importantly, the frequency of
this variant differs significantly by ancestry. Almost all (99%) Asian individuals have at least
one copy of the A allele, as do 61% of European-descent individuals. Strikingly, African-descent
populations have a minor allele frequency of only 20%. Thus there is significant discrepancy in
the dose variation explained by this variant. The single -1639G>A variant accounts for 20-25%
of the dose variability in European and Asian populations, but only 5-7% in African
Americans.””>®

In addition to these two large effect SNPs, there are a number of very rare variants in
VKORC1 associated with warfarin resistance (e.g., requiring a higher warfarin dose) in
Ashkenazi Jewish populations.®®®* Other variants in VKORC1 associated to warfarin dose
include:

e 157196161 (296C>T): Associated with stable warfarin dose in population of Indian,
Chinese and Malay ethnic backgrounds in a single study across two patient cohorts.®?

Individuals carrying the T allele may require increased warfarin dose.
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rs7294 (3730 G>A): Associated to warfarin dose in European and Asian descent
populations,®*® but not in African Americans.®’ Individuals carrying the A allele may
require higher warfarin doses.

rs8050894 (1542G>C): Associated to warfarin dose in African Americans, Asians and
European descent populations. Carriers of the C allele require higher warfarin doses. In
strong LD with rs9923231.%%7°

rs2359612 (2255C>T): Associated to warfarin dose in African Americans, Asians and
European descent populations. Carriers of the A allele require lower warfarin doses. In
strong LD with rs9923231.6306-6871

rs7200749 (1146C>T): Associated to warfarin dose in a South African black population.
Carriers of the A allele may require higher warfarin doses.”

rs61162043 (-8191A>G): Associated to warfarin dose in African Americans. Carriers of
the G allele require higher doses of warfarin.”

rs2884737 (A>C): Associate with warfarin dose in white, black and south Indian
populations. Carriers of the C allele require lower doses of warfarin.>®®"4"
rs17886199 (A>G): Intronic to both VKORC1 and PRSS53, associated with warfarin
dose in South African population. Carriers of the G genotype require lower doses of
warfarin.”

rs10871454 (C>T): Intronic to STX4, it is in perfect LD with rs9923231 and associated
with warfarin dose in European ancestry individuals. Carriers of the T allele require

lower warfarin doses.””

Variants in CYP2C9 also play an outsized role in dose variability of warfarin as it is the

primary metabolizing enzyme of the more potent S-warfarin. Although there are more than 35

CYP2C9 alleles (most rare), two are commonly used to explain dose variability in European-
descent individuals. CYP2C9*2 and CYP2C9*3 (rs1799853 and rs1057910) reduce warfarin
clearance 40% and 75% respectively.”®”® When considering haplotypic effects, individuals with
CYP2C9*1/*2 have 20% lower warfarin dose, and CYP2C9*1/*3 have 35% lower dose
compared to the wildtype *1/*1. Patients homozygous for the *3 allele may require doses less
than 1mg/day to avoid supratherapeutic INR.%° As with VKORC1 1639G>A, these CYP2C9

variants are far more frequent in European descent populations than either African American or
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Asian populations. Within whites, 24% carry the *2 allele, and 12% carry the *3 allele compared
to 3-4% and 1-3% in African Americans and <1% and 6-8% in Asian populations.>’-¢7.6881
Four other CYP2C9 alleles, *5, *6, *8, and *11 (rs28371686, rs9332131, rs7900194, and
rs28371685), predominate in African Americans, but are still low frequency (African Americans:
1-2%, 1%, 12%, 3%; European Descent: <1%, <1%, Not observed, <1%; Asian descent: all
<1%). All four variants predict decreased S-warfarin clearance and lower warfarin dose.®”"3884
Variants in other downstream genes affecting the vitamin K activation of clotting factors
are CYP4F2, an active competitor for reduced vitamin K, GGCX, the enzyme that activates
clotting factors and CALU which inhibits GGCX. Variants in these genes have also been found to
be associated with warfarin dose. One variant in CYP4F2*3, rs2108622 (1297G>A), reduced
activity of the gene leaving more vitamin K available for clotting factor activation and thus
requiring higher warfarin doses. This association has been seen in both European and Asian

populations,®8>%°

and accounts for an additional 1-3% of dose variability after accounting for
variants in CYP2C9 and VKORC1.%"*° However, this association is not seen in African
Americans, even though the variant is relatively frequent (allele present in 14% of the
population).” This is possibly due to an interaction effect because the variant does appear to be
causative — affecting either translation or degradation of CYP4F2.% Although a handful of
variants in GGCX have been associated with warfarin dose, including rs11676382 and
rs12714145, they have failed to replicate or explain additional dose variation after accounting for
other known influences of warfarin dose.>® A single variant in CALU, rs339097 (A>G), has been
associated with warfarin dose across studies of African and African American individuals, and
carriers of the G allele tend to require higher warfarin doses.**%

The final variant known to be associated to warfarin dose is rs12777823 (G>A), a SNP
present in the CYP2C cluster (CYP2C9, CYP2C8, CYP2C18, CYP2C19). Relatively frequent in
African Americans (25% minor allele frequency), carriers of the A allele require 7-9mg lower
doses of warfarin per week. This variant explained 5% of the dose variability in African
Americans, but is not associated in European or Asian populations, indicating different LD
patterns in this region across populations.”

Importantly, pharmacogenomic effects are not limited to association with stable warfarin
dose, but indeed are associated with clinical outcomes. CYP4F2*3 is associated with decreased

risk for bleeding events on warfarin.*® This is likely due to the fact that CYP4F2*3 is associated
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with higher warfarin dose, so the decreased risk of bleeding may reflect initial under-dosing
among carriers of the variant. Similarly, CYP2C9*3 has been associated with increased risk of
major bleeding events while on warfarin.”® Given CYP2C9*3 association with lower warfarin
dose requirements, this clinical impact may be reflective of initial overdosing of warfarin during

treatment initiation.

Evidence for Clinical Implementation of Pharmacogenomics-Guided Dosing

Pharmacogenomic Warfarin Dosing Algorithms

All of the above mentioned warfarin pharmacogenomic markers are associated with
stable warfarin dose. When thinking about clinical implementation of these markers, we make
the assumption that by using clinical and pharmacogenomic variables when starting warfarin,
patients will begin their warfarin titration closer to their eventual end point. This would
theoretically reduce the time to effective warfarin dose and adverse outcomes.®” From a patient
perspective, the frequent and repeated INR measurements during titration is both time
consuming and requires travel to visit the laboratory. Therefore, reduction in time to therapeutic
dose may have advantages above and beyond reduced frequency of adverse events. From a
clinical perspective, the sooner a patient reaches effective anticoagulation, the less likely they are
to have a repeat thromboembolic event. For individuals who are especially sensitive to warfarin
(i.e., requiring lower than normal doses) using targeted dosing may prevent supratherapeutic
levels and bleeding complications. Indeed, risk for warfarin related bleeds is highest during the
first few months of treatment. %%

There are a staggeringly large number of published studies creating and testing
pharmacogenomic warfarin dosing algorithms. While not a precise count, a PubMed search of
“warfarin AND (pharmacogenomic OR pharmacogenetic OR genetic) AND (algorithm OR
model) AND dosing” returns 233 results since 2003. While this is not a perfectly specific search
query, a quick review of the results confirm that a large proportion are indeed novel dosing

100-102 to

101,103,104

algorithms. Methods for algorithm generation range from standard linear regression,

101,103 101,103-106

lasso and elastic net regression, support vector machines, , random forest,

artificial neural networks and other machine learning algorithms.'"%° Many of these algorithms
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are ethnicity specific for Asian,'%11%11! Egyptian,****** African American,*®**!!* and highly
admixed Brazilian populations**® among others.**’

However, there are two dosing algorithms commonly used in the clinic in the US, one
developed by Gage and collaborators, and one developed by the International Warfarin
Pharmacogenomics Consortium (IWPC).'**% The 2008 Gage algorithm was developed in a
cohort of 1,015 patients with warfarin managed by anticoagulation clinics in across the US and
validated in 292 patients. Each cohort was 83% white, 15% African American, and 2% other or
mixed race. Their model incorporated clinical factors (body surface area -BSA, age in decades,
target INR, smoking status, whether DVT/PE was the indication for warfarin treatment, African-
American race, and amiodarone usage). Genetic markers in the model were only VKORC1-
1639G>A, and CYP2C*2 and *3, however this model has been expanded to include rs2108622
(CYP4F2), rs11676382 (GGCX) and CYP2C9 *5/*6 and other medications a patient may be
taking.102’118

The International Warfarin Pharmacogenomics Consortium is comprised of 21 research
groups from 9 countries. Data from these groups for 5700 patients were used in the study. This
2009 study split their population into a 4,043-person training cohort and 1,009-person validation
cohort. These cohorts were matched for race but only ~9% were African American. Within the
training population the group tested a number of different algorithm fitting techniques including:
support vector regression, regression trees, model trees, multivariate adaptive regression splines,
least-angle regression, and Lasso, in addition to ordinary linear regression. Their final algorithm
was a linear regression model that included: age (in decades), height, weight, VKORC1-1639
heterozygote, VKORC1-1639 homozygotes, VKORC1-1639 genotype unknown, CYP2C9*1/*2,
CYP2C9*1/*3, CYP2C9*2/*2, CYP2C9*2/*3, CYP2C9*3/*3, CYP2C9genotype unknown,
Asian race, African American race, unknown race, enzyme inducer usage and amiodarone
usage.'%*

Unfortunately, neither the Gage algorithm nor the IWPC algorithm used variants that
were significant predictors of warfarin dose in African Americans. In 2010 Ramirez et. al.
performed one of the first pharmacogenomic studies using BioVU. They trained a variety of
regression models on 1,175 individuals, 145 or 12.4% of whom were African American. This
study also used linear regression modeling techniques and tested ten new variants in addition the
three used by the IWPC including rs9934438 and rs2359612 in VKORC1, CYP2C9 *6, *8 and
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*11, rs2108622 in CYP4F2, rs339097 in CALU, rs699664 and rs11676382 in GGCX, and
rs2292566 in EPHX1. Their best performing model included: age (continuous), African
American race, gender, body surface area, smoking status, if indication for anticoagulation was
VTE, if indication for anticoagulation was atrial fibrillation, and VKORC1-1639, CYP2C9 *2,
*3, *6, *8, 152108622, rs339097 and rs9923231. This model had similar performance to the
IWPC algorithm in whites, and better performance (~1mg/week in mean absolute error) in
blacks.'®

A second algorithm was constructed at VVanderbilt University specifically for the
PREDICT program. This algorithm uses significantly fewer predictors than any of the previous
models, selecting only for those variables that are easily extracted computationally from the HER
to allow for active clinical decision support. The details of model creation have not been
published, but the model is available at www.mydruggenome.org. The model takes into account:
age (in decades), height, weight, VKORC1-1639 heterozygotes, VKORC1-1639 homozygotes,
CYP2C9*1/*2, CYP2C9*1/*3, CYP2C9*2/*2, CYP2C9*2/*3, CYP2C9*3/*3, amiodarone usage,
and enzyme inducer status.**>A formal validation of this algorithm has not been published.

Finally, a number of algorithms have been created in specifically in African Americans.
The first was developed in a black-only population from the University of Chicago. In 2013
Hernandez et. al. published an algorithm derived in 349 African Americans that took into
account rs7089580 and rs12777823, at that time recently discovered variants. This model
accounted for: age (continuous), weight, indication for anticoagulation was DVT/PE, whether the
individual had any of CYP2C9 *2, *3, *5, *8 and/or *11 variants (1 if yes, 0 if no), rs61162043,
VKORC1-1639, rs7089580 and rs12777823. This model had a 2mg/week improvement in dosing
accuracy compared the IWPC algorithm in that population.*** A follow up study from the same
group found that the Gage algorithm overestimate doses by 1-2mg/day in rs12777823 carriers.'?
The conclusion from both studies was that it is critical to take into account additional
pharmacogenomic variants that are found in African American populations. Importantly, this
algorithm was trained and tested in a black population only. It is unclear how this algorithm
performs in whites and mixed-race populations.

Although the Hernandez et. al. algorithm is a de-facto stratified algorithm, almost all
existing algorithms in use are combined race algorithms. Limdi et. al. performed a study in 2015

that examined whether a race-stratified dosing approach is better. Specifically focused on the
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percent of warfarin dose variation explained, this study found that race stratified models
incorporating African ancestry alleles explained more dose variation in whites and blacks.**®
Importantly this study did not explore the prediction accuracy of these models, and thus may not

be appropriate for clinical use.

Randomized Controlled Trials of Pharmacogenomic-Guided Warfarin Dosing

Numerous randomized controlled trials of pharmacogenomic-guided warfarin dosing
have been performed.***%The largest are the Clarification of Optimal Anticoagulation through
Genetics (COAG) trial'*® and the European Pharmacogenetics of Anticoagulant Therapy (EU-

PACT) study.'® These long awaited studies unfortunately yielded conflicting results.

The COAG study was a double-blinded trial of 1,015 patients that compared the Gage
pharmacogenomic dosing algorithm to a clinical dosing algorithm. This study had daily
monitoring of warfarin dose for the first 5 days of treatment, and started all arms with the same
initiation dosing algorithm for days 1-3, then split into pharmacogenomic or clinical algorithms
for days 4 and 5. Neither patients nor clinicians were aware of the administered warfarin dose
during the first four weeks of treatment. The study population was 67% white and 27% African
American, and the primary outcome of this study was percent time in therapeutic range for the
first four weeks of treatment. There was not a statistically significant difference in time in
therapeutic range between the two algorithms at the end of the four-week observation period.
However African Americans in the pharmacogenomic arm had a mean 8% reduction of time in
therapeutic range compared to the clinical arm.**

The EU-PACT study was not double blinded and was conducted in a population of 455
patients randomized to either a fixed dose arm or the pharmacogenomic arm (that used the Gage
algorithm). Patients in the clinical, fixed dose, arm were given a three-day loading dose regimen
and then managed by routine clinical practice. The pharmacogenomic arm was prescribed
warfarin according the pharmacogenomic algorithm for the first five days and then manage by
routine clinical practice. As with the COAG trial, the primary outcome was time in therapeutic
INR range. This study followed patients for six weeks and saw a statistically significant
difference between study arms. Importantly this study was comprised of less than 2% African
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American individuals and was thus unable to draw conclusions about efficacy in minority

populations.

A number of meta-analyses of existing randomized controlled trials have been published.
The most recent meta-analysis examined twelve studies of pharmacogenomic warfarin initiation.
The primary outcomes examined in this meta-analysis were the occurrence of mortality,
thromboembolic events, and/or major bleeding events. The meta-analysis did not find a
statistically significant difference between dosing approaches with this outcome, however time in
therapeutic range was higher among the pharmacogenomic groups. This increase time in
therapeutic range only held for studies comparing fixed dosing strategies rather than clinical

guided algorithms.*®

State of Existing Pharmacogenomics-Guided Dosing Implementations

Very few institutions have implemented routine pharmacogenomic-guided warfarin
dosing in the clinic outside of randomized controlled trials. One study available was a
partnership between the Mayo Clinic and the Medco pharmacy benefits manager. This study
invited patients initiating warfarin therapy to undergo free genotyping with physician approval.
Medical claims of these patients were then followed for six months to identify hospitalizations.
This study genotyped 896 patients and compared their six-month hospitalization rate to a
retrospective cohort of 2,688 individuals, finding that warfarin genotyping reduced the risk of
hospitalization in outpatients initiating warfarin. There was a 33% risk in all-cause
hospitalizations, and 43% lower risk of bleeding or VTE related hospitalizations. It is unclear
whether a similar program continues today.*

The University of Chicago has also piloted genotype-guided warfarin dosing for
hospitalized patient starting warfarin. In this study patients initiating warfarin while hospitalized
automatically had genotyping and a consult with a pharmacogenomics service (staffed by
pharmacists) ordered when a physician first prescribed warfarin. During the warfarin ordering
process, dose recommendations based off of the patient’s clinical characteristics were provided.
Thus the patient’s first dose was based on these clinical data and then refined with genotype
specific guidance the next day when genotyping results were returned. Warfarin was managed

for the remainder of the stay by the Pharmacogenetics Service. This study explicitly examined
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the genotyping turn-around time (i.e., were genotypes available before the second warfarin dose)
and physician adherence to dose recommendations by the pharmacogenetics service. Within the
80 patients who consented to the study, 76% had genotype information before the second
warfarin dose was administered. Warfarin doses ordered by the clinical staff were within 0.5mg
of the recommended dose 73% of the time. Importantly, the dose guidance in this study was not
automated, pharmacists manually extracted relevant clinical data and then used the Gage
algorithm at www.warfarindosing.org to make the recommendations. The average time between
genotyping completion and dose recommendation was 30 hours.’

There is only one existing study that implemented automated clinical decision support for
pharmacogenomic guided warfarin initiations. This study at the Mayo Clinic implemented the
Gage algorithm in September 2014. Between that date and January 2015, only four patients had
an alert triggered and in no case did the provider follow the recommendation.>At this time in the
literature, the only site with a continuously running genotype guided warfarin dosing program is
Vanderbilt University via the PREDICT program. More details are provided on this clinical
implementation in Chapter IV.
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CHAPTER IlI

STRATEGIES FOR EQUITABLE PHARMACOGENOMIC-GUIDED WARFARIN DOSING
AMONG EUROPEAN AND AFRICAN AMERICAN INDIVIDUALS IN A CLINICAL

POPULATION

Introduction

Warfarin is a commonly used anticoagulant that has a narrow therapeutic index and has
high risk of significant adverse reactions from both over and under-dosing.**> A number of
pharmacogenomic variants have been shown to be associated to stable warfarin dose,**? and
many studies have developed dosing algorithms using these variants.’**'% Indeed genotype
guided dosing is part of the United States Food and Drug Association (FDA) product label for
warfarin. However, the product label only provides guidance when genetics are available and
does not recommend genetic testing prior to prescribing warfarin.*°

A number of randomized controlled trials of pharmacogenomic-guided warfarin dosing
have been conducted;*?"?8 the largest of which were the EU-PACT™® and COAG? clinical
trials. The EU-PACT and COAG studies used the same dosing algorithm,** but differed
significantly in design. EU-PACT, the European Pharmacogenetics of Anticoagulant Therapy
study, compared pharmacogenomic-guided dosing to a fixed weekly dose, while COAG, the
Clarification of Optimal Anticoagulation through Genetics trial, compared genetic-guided dosing
to a clinical variable dosing model. While the EU-PACT study showed significantly increased
percent time in therapeutic range (PTTR) over 12 weeks for the pharmacogenomic group, the

COAG trial did not see a significant difference in PTTR over 4 weeks.

One of the reasons highlighted for the inconsistent findings between the EU-PACT and
COAG trials was the different frequency of African Americans in the COAG vs. EU-PACT
studies.’®® In COAG, African-Americans with genotype-guided dosing spent an average of 8%
less time in therapeutic range than the clinical algorithm group. Explaining some of this effect,
studies have shown that the CYP2C9*2/*3 variants used by both COAG and EU-PACT are less
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frequent in African Americans.” There are also variants important for dosing among individuals
of African descent alleles that were unaccounted for in these trials.”>#*9:13413> Drozda et. al.
found that failing to take into account these expanded variants, resulted in significantly worse
dose predictions among African Americans.*?° Limdi et. al. found that using a race stratified
dosing approach resulted in significantly more dose variation explained in both whites and
blacks compared to a race combined dosing model.*** The algorithm proposed by Drozda et. al.
was derived in African Americans only, and thus its generalizability to European descent
individuals is unclear. The Limdi et. al. study focused solely on variation explained by their

models and was not seeking to create clinical dosing algorithms.

This study seeks to expand on previous algorithm development work, % to account for
new variants associated with warfarin dose in African Americans, and to investigate whether
race-stratified dosing results in clinically significant improvements in dose prediction accuracy.
We also investigated using percent African ancestry within warfarin dosing algorithms to include

a more nuanced and biologically accurate measure of race.

Methods

Study Population

Using BioVVU, the VVanderbilt University biobank linked to electronic medical records, we
selected all adult patients (>18 years old) with DNA available who also had warfarin mentioned
in the active prescription section of their problem list or a note from one of the hospital’s
anticoagulation clinics.

We used two approaches to extract stable warfarin dose. For individuals with warfarin
managed by the anticoagulation clinic, we used a previously published and validated
algorithm.*® This approach identifies stable warfarin dose windows, as summarized in Figure
3.1. A stable dose window is defined as the presence of two or more notes from the
anticoagulation clinic at least three, but not more than 12, weeks apart. During this time (from 7
days before the first note through the second note) the patient must also have two or more INR
measurements at least one day apart and all INR measurements in the window must be between 2

and 3. At the time of the stable dose window, the INR goal range must have be between 1.9-3.2.
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2 INRs between 2.0 and 3.0, no INRs < 2.0 or > 3.0
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If multiple doses, take median dose

Figure 3.1 Stable Warfarin Dose Window Algorithm

Warfarin dose was then extracted from every note in the window (often more than two notes
occurred during the period), using natural language processing (NLP). The first window in which
the warfarin dose prescribed was identical across all notes within the window was selected as the
stable warfarin dose. Patients lacking a window with only a single warfarin dose were manually
reviewed to confirm accurate dose extraction. If there indeed were multiple doses prescribed
during the window, the median dose was used. A second, manually intensive, approach to extract
stable warfarin dose was applied to capture additional African American patients. This approach
captured those individuals whose warfarin was managed by their primary care provider. We
performed the same process for window identification using warfarin problem list entries instead
of anticoagulation clinic notes. Because problem lists are susceptible to copy/paste redundancies
that can generate false records of dosings, we manually reviewed these records to extract the
warfarin dose during the window period. Individuals in this group were assumed to have an INR
goal range of 2-3 unless otherwise stated. If there was a recorded INR goal range outside of this
interval, the patient was excluded from the study.

For all individuals with a stable warfarin dose, we extracted clinical covariates known to
affect warfarin dosing using a variety of methods. To identify the presence of drugs known to
affect warfarin, we identified patients with mentions of amiodarone (lowers required warfarin
dose requirement), carbamazepine, phenytoin, and rifampin (all raise warfarin dose

requirements) in any problem list before the stable dose window. The records of these
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individuals were then manually reviewed to confirm whether the patient was actively taking the
drug during the stable dose window. Similarly, individuals who had ever smoked were identified
with a combination of NLP and tobacco use International Classification of Disease version 9
(1ICD9) codes,*****” and then manually reviewed to confirm active smoking at the time of the
stable dose window. To calculate body surface area,™® we extracted the median height and
weight across the stable dose window. If no measurements during the window were available,
the records were manually reviewed to identify height and weight at the time of the window (not
more than 3-6 months before or after the dosing window). Age was defined as the age at the first
anticoagulation clinic note or problem list warfarin entry in the stable dose window. Race was
defined by the care provider and has shown good concordance with genetic ancestry,**, we will
refer to this as “EHR recorded race”. Indication for warfarin treatment (DVT/PE or atrial

fibrillation) was determined through ICD9 codes.***'*

Genotyping

Twenty-one single nucleotide polymorphisms (SNPs) across six genes and one gene
cluster (CYP2C9, VKORC1, CYP4F2, GGCX, CALU, STX, and the CYP2C cluster) were selected
from the curated pharmacogenomics knowledge base (PharmGKB, www.pharmgkb.org), as
known genetic associations with warfarin dose in European and African descent populations.**?
All African American individuals with stable dose windows were genotyped for the three IWPC
variants (rs9923231 VKORC1-1639G>A,; rs1799853 CYP2C9*2; and rs1057910 CYP2C9*3)
with a Tagman assay by the Vanderbilt Technologies for Advanced Genomics (VANTAGE)
core. European descent individuals were either genotyped for the variants in the same Tagman
assay or had these data available through previous genotyping on the Illumina ADME assay. The
remaining seventeen variants were genotyped across the entire study population using a single
Sequenom pool also performed by the VANTAGE core. Genotyping data were checked for
marker efficiency and samples were removed from the analysis if they were missing one or more
genotype calls for the tested variants. Duplicate samples and HapMap control samples were also
validated.

To evaluate the impact of ancestry on warfarin dose, we also used existing genotyping

data to calculate percent African ancestry across a subset of our population. A number of
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samples had been previously genotyped on genome-wide genotyping platforms, or platforms
with included ancestry informative markers. These platforms included the Exome Beadchip, the
Human Omni Express Exome v2, the Metabochip and the OmniQuad chip, all from Illumina.
We performed standard quality control measures on each platform independently. Samples with
discrepant genders or sample efficiency rates less than 99% were dropped from the analysis.
Markers with genotyping efficiencies less than 99% or minor allele frequencies less than 5%
were also dropped. Due to the large number of low frequency variants on the Exome chip, we
slightly relaxed the thresholds on this chip (genotyping efficiency >97% and sample efficiency
>08%) as has been done previously.*** Within each platform, percent African ancestry was
calculated using the ADMIXTURE supervised learning method.*** The 112 unrelated CEU and
147 unrelated YRI from the HapMap Phase 11 project were included as the reference
populations. Where the individual had multiple ancestry estimates due to being genotyped on

multiple platforms, the median ancestry estimate was used.

Analysis

We performed tests of association between the square-root transformed weekly warfarin
dose and each clinical variable and genetic predictor. Genetic associations were adjusted for age
(continuous), EHR recorded race, smoking status and body surface area. Clinical associations
were unadjusted. Each association was performed across the entire population and stratified by
EHR recorded race.

We then fit and tested a number of different dosing models that took into account varying
numbers and combinations of genetic variants, as well as different approaches of adjusting for
ancestry. We examined five different types of models (all include clinical covariates): 1) Clinical
- clinical data only, no genetics, 2) Limited Genetic - variants used by the International Warfarin
Consortium only, 3) Expanded Variants — all additionally genotyped variants coded additively,
4) Combined SNP - combining low frequency, high LD and similar effect variants in VKORC1
and CYP2C9 with other variants, and 5) Haplotype - CYP2C9 diplotypes with other variants. We
also examined five different ways to account for ancestry, 1) unadjusted for race/ancestry, 2)
adjusted for EHR recorded race, 3) percent African Ancestry, 4) train and test model in whites

only, and 5) train and test model in blacks only. A summary of the twenty-five models tested are
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Table 3.1 Overview of Dose Prediction Models Tested

Genetic Model

Clinical

Limited Genetic

Expanded Genetic

Combined SNP

Haplotype

Clinical
Variables

Race
Adjustment

Genetic
Variables

age (in decades)

body surface area
smoking status
amiodarone

enzyme inducer

1) Unadjusted

2) EMR Race

3) % African Ancestry
4) Whites Only

5) Blacks Only

age (in decades)
body surface area
smoking status
amiodarone

enzyme inducer

1) Unadjusted

2) EMR Race

3) % African Ancestry
4) Whites Only

5) Blacks Only
VKORC1-1639G>A
CYP2C9*2
CYP2C9*3

age (in decades)
body surface area
smoking status
amiodarone
enzyme inducer
1) Unadjusted

2) EMR Race

3) % African Ancestry
4) Whites Only
5) Blacks Only
VKORC1-1639G>A
CYP2C9*2
CYP2C9*3
CYP2C9*5
CYP2C9*6
CYP2C9*8
CYP2C9*11
rs2359612
rs2884737
rs7200749
rs8050894
rs9934438
rs17886199
rs10871454
rs2108622
rs11676382
rs12714145
rs339097
rs12777823

age (in decades)
body surface area
smoking status
amiodarone

enzyme inducer

1) Unadjusted

2) EMR Race

3) % African Ancestry
4) Whites Only

5) Blacks Only
VKORC1-1639G>A
CYP2C9*2
CYP2C9*3
rs7200749
rs9934438
rs17886199
rs10871454
rs2108622
rs11676382
rs12714145
rs339097
rs12777823
VKORC1 Lowering
CYP2C9 Expanded?

age (in decades)

body surface area
smoking status
amiodarone

enzyme inducer

1) Unadjusted

2) EMR Race

3) % African Ancestry
4) Whites Only?

5) Blacks Only*
VKORC1-1639G>A
rs2359612

rs2884737

rs7200749

rs8050894

rs9934438
rs17886199
rs10871454
rs2108622
rs11676382
rs12714145

rs339097

rs12777823
CYP2C9*1/*2
CYP2C9*1/*3
CYP2C9*2/*2
CYP2C9*2/*3
CYP2C9*3/*3
CYP2C9 Other Heterozygote®
CYP2C9 Other Homozygote®

LIf individual carries one or more minor allele at rs2359612 or rs2884737 or rs61162043 or rs8050894 then called 1, else 0

21f individual carries one or more minor allele at CYP2C9 *5/*6/*8 or *11 then call 1, else 0

¥Excludes CYP2C9 Other Homozygote

*Excludes CYP2C9 *2/*2, *2/*3, and *3/*3

>CYP2C9 *1/*11, *1/*5, *1/*6, *1/*8),

®CYP2C9 *3/*8, *5/*8, *5/*11, *8/*8, *8/*11
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Table 3.2 Summary of Previous Algorithms Tested for Warfarin Dosing

Algorithm

Clinical Predictors

Genetic Predictors

Notes

Fixed 35mg
Weekly Dose
FDA Dosing Table

IWPC
(International
Warfarin
Pharmacogenetics
Consortium)?

Ramirez et. al.®

My Drug Genome’

Hernandez et. al.’

Age (in decades)
Height

Weight

Asian Race

African American Race

Amiodarone
Enzyme Inducers
Age (in years)
Race

Sex

Body Surface Area
Smoking Status
DVT/PE

Atrial Fibrillation
Age (in decades)
Height

Weight
Amiodarone
Enzyme Inducers
Age (in years)
Weight

DVT/PE

VKORC1-1639
CYP2C9*2
CYP2C9*3
VKORC1-1639
CYP2C9*2
CYP2C9*3

VKORC1-1639
CYP2C9*2
CYP2C9*3
CYP2C9*6
CYP2C9*8
CYPA4F2: rs2108622
CALU: rs339097
VKORC1-1639
CYP2C9*2
CYP2C9*3

VKORC1-1639

VKORC1, rs61162043

CYP2C9*2
CYP2C9*3
CYP2C9*5
CYP2C9*8
CYP2C9*11
CYP2C9, rs7089580
CYP2C, rs1277783

Used mean of dosing
range given (e.g. 1.25mg
for 0.5-2.5mg bin)

Model clinically
implemented at
Vanderbilt.

Performed on subset of
population with
genotyping for
rs61162043. Also missing
CYP2C9 rs7089580 due
to Sequenom probe
failure. Set all patients to
reference allele

! Bristol-Meyers Squibb Company, Coumadin® tablets (warfarin sodium tablets, USP) crystalline; Coumadin®
for injection (warfarin sodium for injection, USP). www.accessdata.fda.gov/drugsatfda_docs/
label/2010/009218s108Ibl.pdf

?Klein et. al. NEJM. 2009.

3 Ramirez et. al. Future Medicine. 2010.
* www.mydruggenome.org

> Hernandez et. al. The Pharmacogenomics Journal. 2014.
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presented in Table 3.1. For race stratified models, variants that were monomorphic or variables
that were invariant were not included in the model. To validate model summaries and prevent
overfitting, we bootstrapped 1000 samples with replacement, trained a generalized linear model
on each bootstrap, and then tested the original dataset against each model. We calculated the
mean absolute error (in mg/week) and R? for each bootstrap model, then calculated the median
and 2.5™ and 97.5™ percentiles of the bootstrap summaries to generate empiric confidence
intervals. For all combined race models, we calculated these evaluation criteria across the entire
test population and then within each EHR recorded race group separately. Because there are
different risks for over and under dosing, we also calculated these summary evaluation criteria
stratified by low (<21mg/week), medium (21-49mg/week), and high (>49mg/week) stable dose
again across the entire test population and then within each EHR recorded race separately. To
evaluate the validity of our models and compare to existing algorithms, we also calculated mean
absolute error and R? for a number of existing algorithms. The algorithms tested are summarized
in Table 3.2.

Results

A total of 3,498 individuals (3,188 whites and 310 blacks) had preliminary stable
warfarin dose windows (all features highlighted in Figure 3.1 except filtering on INR goal
range), and were genotyped on the Sequenom platform. Of these, 596 white individuals had
VKORC1-1369 and CYP2C9*2/*3 genotypes available on the ADME platform, the remainder
were genotyped via Tagman. After removal of individuals missing any of the genotypes (with
the exception of rs61162043), a total of 3,207 individuals had final dosing windows identified as
described in the Methods. 233 individuals were removed from the analysis due to INR goal
ranges outside of 1.9-3.2. Manual review to confirm stable warfarin dose and height and weight
was performed for 77 and 135 individuals respectively. A total of 56 black individuals had
windows defined using problem list entries and were manually reviewed to extract warfarin dose
and INR goal range. This yielded a final study population of 2,181 individuals (1928 whites, and
253 blacks). A flow chart of this process is provided in Figure 3.2.

Population demographics are presented in Table 3.3. Blacks had higher warfarin doses

(40.8 vs 35mg/wk), were younger (60 vs 66), and smoked more (16% vs 8%) than whites.
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Individuals in Anticoagulation Clinic

Individuals on warfarin, but not in

w/ DNA Available Anticoagulation Clinic w/ DNA Available
4,551 White 489 Black 8,256 White 759 Black
v
Individuals with Partial Windows
Sent for Genotyping
3188 White 310 Black
v v

Sequenom Tagman ADME

3188 White 310 Black 2399 White 310 Black 596 White -

Remove individuals missing VKO

RC1-1639,and/or CYP2C9*2/*3

2908 White

307 Black

2389 White

307 Black

528 White -

Remove individuals missing any of the expanded variants except rs61162043

L]

Individuals Post-QC Genotyping

2900 White

307 Black

Finalize Dosing Windows According to Phenotyping Plan

v

Anticoagulation Clinic Windows

2192 White

227 Black

INR Goal Range 1.9-2.3

I

1980 White

206 Black

Problem List Windows

56 Black

Single Dose in Window? 66 White | 11 Black
Yes
b
1908 White 194 Black
Has Height and Weight? 120 White | 15 Black
Yes |
1777 White 178 Black

Manual Review
for Dose,
Height/Weight,
Smoking,
Amiodarone,
Enzyme Inducers,

INR Goal Range
and Indication
(Problem List

Windows)

Final Cohort

1928 White | 253 Black

Figure 3.2 Flowchart of Study Inclusion and Exclusion Procedures
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Table 3.3 Population Characteristics

Combined

Population Whites Blacks
(n = 2181) (n =1928) (n =253)
Weekly Warfarin Dose, mg/week (median, sd) 35.0 (+17.6) 35.0 (+17.0) 40.8 (+ 19.9)
Age, years (mean, sd) 66 (+ 15) 66 (+ 15) 60 (+ 16)
Female (n, %) 911 (41.8%) 784 (40.7%) 127 (50.2%)
African American (n, %) 253 (11.6%) - 253 (100%)
% African Ancestry (median, sd)* 0.99 (+ 31) 0.65 (£ 4.5) 81.6 (£ 10.3)
Height, cm (median, sd) 173 (£ 13.5) 174 (+13.0) 170 (£16.1)
Weight, kg (median, sd) 89 (+ 24.0) 88 (£ 23.9) 91 (£24.7)
Body Surface Area, m? (median, sd) 2.0 (£ 0.29) 2.0 (£ 0.29) 2.0 (+0.30)
Current Smokers (n, %) 209 (9.6%) 168 (8.7%) 41 (16.2%)
Amiodarone (n, %) 229 (10.5%) 202 (10.5%) 27 (10.7%)
Enzyme Inducers (n, %) 20 (0.92%) 15 (0.78%) 5 (1.98%)
Indication
VTE (n, %) 414 (19.0%) 337 (17.5%) 77 (30.4%)
Atrial Fibrillation (n, %) 1592 (73%) 1443 (75%) 149 (59%)

! %-African ancestry available for 987 individuals (808 whites, 179 blacks)

Whites were more likely to be on anticoagulants due to atrial fibrillation (75% vs 59% in blacks),
while blacks were more likely to be on anticoagulants due to thromboembolic events (30.4% vs
17.5% in whites). All other demographics factors were similar between groups.

One marker, rs7089580, failed genotyping in the Sequenom pool. Genotyping efficiency
rates for the original population sent for genotyping and genotype/minor allele frequencies for
the final study population are presented for the remaining 20 variants in Table 3.4. One variant,
rs61162043 had lower genotyping efficiency (failed genotyping in 111 whites and 21 blacks) and
was excluded from the expanded variants model. However, this variant was included in the
VKORC1combined variable for the Combined Variant model. A summary the frequency of
observed diplotypes is presented Table 3.5. The majority of individuals in both populations had
a *1/*1 diplotype. Homozygotes and compound heterozygotes for the *2 and *3 variants (i.e.,
*2/*2, *3/*3, and *2/*3) were only observed in whites. Homozygotes and compound
heterozygotes of the less common *5, *6, *8, and *11 alleles were only observed in blacks.

Within our final study population, 978 individuals (800 whites and 178 blacks) had
ancestry informative markers available. Figure 3.3 shows the coverage and intersection of each
genotyping platform across EHR recorded race groups. A total of 764 individuals were
genotyped on two platforms, 98 had genotyped data from three platforms, and 5 individuals had
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Table 3.4 Genotyping Quality Control and Minor Allele Frequencies

Minor  Call Combined Population Whites Blacks HapMap
Gene SNP Allele  Rate? (n=2181) (n =1928) (n =253) Frequencies
Genotypes  MAF®  Genotypes MAF® Genotypes MAF® CEU YRI ASW

VKORC1 rs9923231 T 99.79" 913/1005/263  35.1  711/956/261  38.3  202/49/2  10.5 43 3 15
VKORC1 rs2359612 A 100  870/1034/277  36.4  712/949/267 385  158/85/10  20.8 43 18 22
VKORC1 rs2884737 C 99.96 1312/742/127  23.3 1076/727/125 25.3 236/15/2 3.8 27 0 7
VKORC1 rs61162043 A 93.82 852/1097/281  37.2  798/971/229  35.8  54/126/52  49.6 44 50 50
VKORC1 rs7200749 A 99.96 2075/97/9 2.6 1917/9/2 0.3 158/88/7  20.2 0 24 20
VKORC1 rs8050894 G 99.92 838/1057/286  37.3  703/955/270  38.8 135/102/16 26.5 43 23 30
VKORC1 rs9934438 A 99.96  915/999/267  35.1  713/950/265 38.4  202/49/2  10.5 43 3 15
VKORC1 rs17886199 G 100 2160/21/0 0.5 1928/0/0 0 232/21/0 4.2 0 5 4
STX4 rs10871454 T 99.96 910/1003/268 353  710/952/266 38,5  200/51/2  10.9 43 3 15
CYP2C9*2  rs1799853 T 99.79" 1693/388/100 135 1452/376/100 14.9  241/12/0 2.4 15 0 4
CYP2C9*3  rs1057910 C 99.95"  1924/246/11 6.1 1681/236/11 6.7 243/10/0 2.0 7 0 2
CYP2C9*5  rs28371686 G 100 2171/10/0 0.2 1926/2/0 0.05 245/8/0 1.6 0 3 2
CYP2C9*6  rs9332131 del 99.79 2174/7/0 0.2 1928/0/0 0 246/7/0 14 0 2 0
CYP2C9*8  rs7900194 A 100 2146/32/3 0.9 1927/1/0 0.03  219/31/3 7.3 1 5 3
CYP2C9*11  rs28371685 T 99.96 2163/18/0 0.4 1917/11/0 0.3 246/7/0 14 0 5 1
CYP4F2 rs2108622 T 100 1124/885/172  28.2 923/838/167  30.4 201/47/5 11.3 25 6 9
GGCX rs11676382 G 99.96  1811/354/16 8.8 1571/341/16 9.7 240/13/0 2.6 13 0 2
GGCX rs12714145 T 100 713/1099/369  42.1 636/979/313 41.6  77/120/56  45.8 44 52 45
CALU rs339097 G 99.83 2116/60/5 1.6 1921/6/1 0.2 195/54/4  12.3 0 19 15
Cc\l(upsfe(i rs12777823 A 99.92  1547/565/69 16.1 1413/469/46 14.6]5 134/96/23  28.1 15 29 21

#Call rates for completed genotyped population — not the final study population (as valid genotypes required for all but rs61162043)
®Call rate for Tagman group only. ADME platform QC done according to typical QC procedures.
‘Minor allele frequency (%), for final study population.
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genotyping on four
platforms. Of these
individuals, the majority
(n=437) had a maximum
difference of less than 1%
between estimates across
platforms. Only 7
individuals had estimates
across platforms that
differed by more than 5%
(maximum range of
9.8%). The median
ancestry estimate was

used for all future

Table.3.5 CYP2C9 Diplotype Frequencies

CYP2C9 Combined Population Whites Blacks
Diplotype (n=2181) (n =1928) (n =253)
*1/*1 1402 (64.3%) 1222 (63.4%) 180 (71.2%)
*1/*2 357 (16.4%) 345 (18%) 12 (4.8%)
*1/*3 214 (9.8%) 205 (10.6%) 9 (3.6%)
*1/*5 8 (0.4%) 2 (0.1%) 6 (2.4%)
*1/*6 7 (0.3%) - 7 (2.8%)
*1/*8 28 (1.3%) 1 (0.1%) 27 (10.7%)
*1/*11 15 (0.7%) 11 (0.6%) 4 (1.6%)

*2/*2 100 (4.6%) 100 (5.2%) -
*2/*3 31 (1.4%) 31 (1.6%) -
*3/*3 11 (0.5%) 11 (0.6%) -
*3/*8 1 (<0.1%) - 1 (0.4%)
*5/*8 1 (<0.1%) - 1 (0.4%)
*5/*11 1 (<0.1%) - 1 (0.4%)
*8/*8 3(0.1%) - 3 (1.2%)
*8/*11 2 (0.1%) - 2 (0.8%)

analyses. Figure 3.4 shows median percent ancestry estimate for all individuals with this

measurement. Three individuals had an EHR-recorded race of white, but had more than 50%

African ancestry.

Results of single association testing of clinical variables against square-root transformed

weekly warfarin dose are presented in Table 3.6. Increased age, female sex, amiodarone use, and

atrial fibrillation indication were significantly associated with lower warfarin dose. African
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Figure 3.3 Coverage of Ancestry Genotyping Platforms
A shows the number of European descent individuals genotyped on each platform/combination
of platforms. B shows the same information for African Americans.
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Figure 3.4 Percent African Ancestry Estimates for Each Individual

Arrows in this plot indicate individuals whose EHR recorded race was white, but have

>50% African ancestry.
American EHR recorded race, height, weight, body surface area, smoking, enzyme inducer usage
and DVT/PE indication were associated with higher warfarin dose, though the effects were not
statistically significant for smoking in whites, or enzyme inducer usage in any group.

Table 3.7 contains the results of all single variant associations to square-root transformed
weekly dose. Neither rs17886199 nor rs9332131 were tested in whites because the variant was
monomorphic in that population. Five SNPs (VKORC1: rs61162043, rs17886199; GGCX:
rs11676382, rs12714145; CALU: rs339097) were not associated with square-root transformed
weekly warfarin dose in the combined or stratified populations. One variant (VKORCL1:
rs7200749) was not associated in either population independently, but was marginally significant
(p=0.03) in the combined cohort. CYP2C9*2 was associated only in whites, but not blacks. The
rarer CYP2C9 variants (*5, *6, *8, *11) were associated only in blacks, but not whites. Six
variants (VKORC1: rs2359612, rs8050894; STX4: rs10871454; CYP2C9*3: rs1057910;
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Table 3.6 Univariate Association with Square Root Transformed Warfarin Dose

Combined Whites Blacks
Beta R? P-Value Beta R? P-Value Beta R? P-Value
(Std. Error) (Std. Error) (Std. Error)
Age (years) -0.03 (0.02) 13.0 44x10%  -0.03(0.002) 129 25x10™  -0.03(0.006) 84  3.4x10°
Female Gender -0.32((0.06)) 1.2 2.2 X 10'171 -0.34 (0.06) 15 1.3x107 -0.38 (0.18) 1.7 0.04
African American 0.62 (0.09 2.0 5.6 x 10 - - - - - -
%-African Ancestry 0.88 (0.14) 3.8 6.8x10"°  -0.25(1.05)  0.007 0.81 1.49 (1.14) 0.96 0.19
Height 0.02 (0.002) 2.8 3.7x10"  0.02(0.002) 2.9 41x10™  0.02(0.006) 5.2 0.0003
Weight 0.02 (0.001) 8.7 9.7x10"  0.02(0.001) 8.2 1.4x10%  0.02(0.004) 111 6.7x10®
Body Surface Area 1.45 (0.1) 8.8 48x10% 1.41 (0.11) 8.4 1.8x 10 1.75 (0.29) 129 5.0x10°
Current Smokers 0.35(0.1) 0.53 0.0006 0.19 (0.11) 0.15 0.08 0.76 (0.25) 3.6 0.002
Amiodarone -0.79 (0.1) 3.0 3.7x10"  -0.79(0.03) 3.0 1.3x10™  -0.87(0.30) 29 37x10°
Enzyme Inducers 0.02 (0.25) 0.0003 0.93 0.24 (0.27) 0.04 0.39 -1.16 (0.60) 12.9 5.0 x 107
Indicati
ndlc\?tTlcén 0.65 (0.08) 3.3 2.1x 10" 0.63 (0.08) 2.9 53x10™ 0.52 (0.20) 2.6 0.01
Atrial Fibrillation -0.67 (0.07 4.5 1.2x10%  -0.64 (0.07) 4.1 43x10"  -0.56 (0.18) 3.6 0.003
Table 3.7 Single Variant Association to Square Root Transformed Weekly Warfarin Dose
Combined Population Whites Blacks
Gene SNP Beta R? P-Value Beta R? P-Value Beta R’ P-Value
(Std. Error) (Std. Error) (Std. Error)
VKORC1 rs9923231  -0.98 (0.04) 39.0 49x10%  -0.99 (0.04) 40.1 47x10%°  .0.87(0.19) 23.8 8.8x10°
VKORC1 rs2359612  -0.92 (0.04) 37.7 1.3x10%®  -0.98 (0.04) 40.2 47x10%"  -0.3(0.15) 18.8 0.04
VKORC1 rs2884737  -0.78 (0.04) 29.4 1.3x10%  -0.79(0.04 29.5 1.7x10%®  -0.75(0.29) 19.62 0.009
VKORC1 rs61162043  0.04 (0.07) 18.7 0.60 0.02 (0.07) 17.2 0.78 0.51 (0.38) 18.0 0.18
VKORC1 rs7200749  0.29 (0.13) 18.8 0.03 0.23 (0.31) 17.2 0.45 0.29 (0.16) 18.6 0.06
VKORC1 rs8050894  -0.93 (0.04) 37.9 1.3x 10 -0.98 (0.04) 39.9 1.0x 10" -0.46 (0.14) 21.0 0.001
VKORC1 rs9934438  -0.98 (0.04) 39.1 6.5x 10 -0.99 (0.04) 40.21 58x 10" -0.87 (0.19) 23.8 8.8x10°
VKORC1 rs17886199  0.03(0.3) 18.7 0.92 - - - 0.03 (0.31) 17.4 0.93
STX4 rs10871454  -0.97 (0.04) 38.7 1.4x10™*  -0.97 (0.04) 39.7 1.4x10™  -0.85(0.19) 23.7 0.00001
CYP2C9*2 rs1799853  -0.48 (0.05) 22.0 40x10%  -0.48 (0.05) 21.0 21x10% -0.23 (0.4) 17.5 0.56
CYP2C9*3 rs1057910  -0.99 (0.08) 24.5 95x10%  -0.98 (0.08) 23.6 38x10%  -1.42(0.43) 20.9 0.001
CYP2C9*5 rs28371686  -1.15 (0.43) 18.9 0.007 -0.62 (0.89) 17.2 0.49 -1.28 (0.51) 19.4 0.01
CYP2C9*6 rs9332131  -1.14 (0.49) 18.7 0.02 - - - -1.15 (0.51) 19.1 0.03
CYP2C9*8 rs7900194  -0.53(0.2) 18.9 0.009 -1.09 (1.26) 17.2 0.39 -0.52 (0.22) 19.3 0.02
CYP2C9*11 rs28371685  -1.15 (0.43) 18.9 0.007 -0.62 (0.89) 17.2 0.49 -1.28 (0.51) 19.4 0.01
CYP4F2 rs2108622  0.22 (0.04) 19.6 49x107  0.21(0.04) 18.1 3.6x10°  0.44(0.18) 19.3 0.02
GGCX rs11676382  0.04 (0.07) 18.7 0.6 0.02 (0.07) 17.2 0.78 0.51 (0.38) 18.0 0.18
GGCX rs12714145  -0.01 (0.04) 18.7 0.76 -0.01 (0.04) 17.2 0.82 -0.05 (0.12) 17.4 0.69
CALU rs339097 0 (0.16) 18.7 0.99 0.59 (0.4) 17.3 0.14 -0.11 (0.18) 175 0.54
CYP2C-cluster  rs12777823  0.12 (0.05) 18.9 0.02 0.23 (0.06) 17.9 53x10°  -0.35(0.13) 19.7 0.008

All associations adjusted for age (continuous), smoking status, and body surface area.
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Figure 3.5 Performance of Dosing Algorithms
Panel A shows the Mean Absolute Error (in mg/week), while Panel B shows the % variation
explained (R?) for each model

Table 3.8 Performance of Predictive Dosing Algorithms

CYP4F2: rs2108622; CYP2C-cluster: rs12777823) were highly significant in whites, but only
nominally significant in blacks. One of these variants, rs2359612, had different effect sizes
between whites and blacks with blacks seeing reduced effect of the variant on warfarin dose.
Another variant, rs12777823, had the opposite direction of effect in blacks and whites,
decreasing dose in blacks and increasing dose in whites.

A summary of the mean absolute error and percent variation explained (R?) for all
twenty-five fitted models, as well as the performance of existing dosing algorithms are provided
in Figure 3.5. With the exception of race-stratified models, all models were trained on bootstrap
samples of the combined population and then tested on either the complete population, whites
only, or blacks only. Race stratified models were trained on bootstraps within the EHR recorded
race and then trained on the full population with that EHR recorded race. The actual values
presented in this figure are also presented in Table 3.8 for more specific comparisons. Figure
3.6 contains the same data as Figure 3.5 but examines the relationship between mean absolute
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Mean Absolute Error (mg/week)
Median (95% Confidence Interval)

Percent Variation Explained (R?)
Median (95% Confidence Interval)

Algortihm Eoopﬂ?;?igi Whites Blacks gg{;ﬂ?&mgg‘ Whites Blacks
Existing Algorithms
Fixed 35 mg/week 135 13.2 16.1 -2.3 -1.1 -23.7
US FDA Table mid-range 12.0 11.7 14.7 175 18.3 1.1
IWPC 9.5 9.0 13.4 42.7 45.2 20
MyDrugGenome 9.3 8.8 12.9 47.1 49.1 28.5
Ramirez et. al. 9.2 8.8 12.9 475 495 28.7
Hernandez et. al. 104 9.9 14.2 37.3 394 17.2
New Models

Clinical
Unadjusted
Race Adjusted
% Ancestry Adjusted
Whites
Blacks

Limited Genetic
Unadjusted
Race Adjusted
% Ancestry Adjusted
Whites
Blacks

Expanded Genetic
Unadjusted
Race Adjusted
% Ancestry Adjusted
Whites
Blacks

Combined SNP
Unadjusted
Race Adjusted
% Ancestry Adjusted
Whites
Blacks

Haplotype
Unadjusted
Race Adjusted
% Ancestry Adjusted
Whites
Blacks

12.0 (11.9-12.0)
11.9 (11.9-11.9)
115 (11.5-11.7)

9.3(9.2-9.3)
9.3(9.2-9.3)
9.5 (9.4-9.5)

9.0 (9.0-9.1)
9.0 (9.0-9.1)
9.2 (9.1-9.3)

9.9 (9.9-10.0)
9.9 (9.9-10.0)
10 (9.9-10.1)

9.0 (9.0-9.1)
9.0 (9.0-9.1)
9.2 (9.1-9.3)

11.7 (11.7-11.8)
11.7 (11.7-11.7)
10.9 (10.8-11.0)
11.7 (11.7-11.7)

8.8 (8.8-8.8)
8.8 (8.8-8.8)
8.5 (8.4-8.6)
8.8 (8.8-8.8)

8.6 (8.6-8.7)
8.6 (8.6-8.7)
8.4 (8.3-8.5)
8.6 (8.6-8.7)

9.5 (9.5-9.6)
9.6 (9.5-9.6)
9.2(9.1-9.3)
9.6 (9.5-9.6)

8.6 (8.6-8.7)
8.6 (8.6-8.7)
8.4 (8.3-8.5)
8.6 (8.5-8.6)

14.0 (13.8-14.2)
13.6 (13.4-13.8)
145 (14.3-14.9)

13.4 (13.3-13.7)

12.9 (12.8-13.1)
12.8 (12.7-13.0)
13.7 (13.5-14.0)

12.7 (12.5-13)

12.2 (11.9-12.6)
12.2 (11.9-12.6)
12.9 (12.5-13.4)

11.9 (11.6-12.4)

12.8 (12.6-13.1)
12.8 (12.6-13.1)
13.6 (13.3-14.0)

12.5 (12.2-12.9)

12.1 (11.8-12.5)
12.1 (11.9-12.5)
12.7 (12.4-13.3)

12.0 (11.7-12.5)

20.3 (19.9-20.5)
215 (21.1-21.6)
23.8(22.9-24.2)

51.5 (51.2-51.6)
51.8 (51.5-52.0)
49.8 (49.0-50.2)

54.1 (53.6-54.4)
54.1 (53.5-54.4)
52.5 (50.8-53.3)

44.0 (43.5-44.3)
44.0 (43.5-44.3)
44.4 (43.3-45.0)

54.4 (54.0-54.7)
54.4 (53.9-54.7)
53.1 (51.6-53.9)

19.6 (19.0-19.9)
19.8 (19.3-20.0)
20.6 (19.3-21.3)
19.8 (19.4-20.0)

53.8 (53.4-54.1)
54.0 (53.6-54.2)
52.8 (51.5-53.4)
54.0 (53.7-54.2)

55.4 (54.9-55.7)
55.4 (54.9-55.8)
54.2 (52.5-55.1)
55.7 (55.2-55.9)

44.7 (44.2-45.0)
447 (44.2-45.1)
44.8 (43.2-45.8)
44.9 (44.3-45.1)

55.8 (55.3-56.1)
55.8 (55.3-56.1)
54.6 (52.3-55.5)
56.2 (55.7-56.4)

12.3 (9.9-14.9)
20.8 (18.9-22.1)
21.7 (17.9-24.2)

21.7 (18.0-23.1)

27.8 (25.4-29.7)
30.0 (27.8-31.2)
32.4(28.9-34.7)

30.9 (27.1-32.5)

37.7 (34.0-40.0)
375 (33.5-40.1)
39.7 (32.9-43.8)

39.5 (33.8-42.5)

30.2 (27.2-32.5)
30.3 (27.0-32.6)
34.2 (29.5-37.9)

33.9 (29.6-36.4)

38.0 (34.5-40.1)
37.8 (34.3-40.2)
415 (36.1-44.5)

39.6 (34.6-42.1)
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Figure 3.6 Comparison of Mean Absolute Error and Percent Variation Explained by Model

error and R? to visualize model fit. There was a negative linear relationship across all of the
models (e.g. the more variation explained, the better the model fit/lower MAE).

The Expanded Genetic unadjusted, Expanded Genetic EHR recorded race adjusted,
Haplotype unadjusted, and Haplotype EHR recorded race adjusted models had the lowest mean
absolute error across the combined population. The Haplotype models explained slightly more
variance in warfarin dose (54.4% for Haplotype, 54.% for Expanded Variant), but the confidence
intervals were overlapping. The Expanded Variant model with percent ancestry adjustment had
the lowest mean absolute errors in whites, and the Expanded Genetic stratified model had the
lowest mean absolute error in blacks. Both the MyDrugGenome and Ramirez et. al. models were
within 0.2mg/week of the 97.5% confidence interval of the Expanded Genetic stratified model.
In whites, the upper 97.5% confidence interval of the Expanded Variant model with percent
ancestry adjustment was 0.3mg/week less than both the MyDrugGenome and Ramirez et. al.
models.

The algorithm performance with respect to mean error within low, medium, and high

weekly dose groups are presented in Figure 3.7. When broken down by dose range 362
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Figure 3.7 Performance of Dosing Algorithms by Stable Dose Range
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This figure shows the algorithm performance (mean error in mg/week) divided by EHR recorded race and the stable dose range, e.g. patient’s stable
warfarin dose is a low weekly dose (<21mg/week), medium weekly dose (21-49mg/week), or high weekly dose (>49mg/week). Mean errors greater

than 0 indicate over dosing, while mean errors less than 0 indicate underdosing.
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individuals (336 white and 26 black) had low warfarin requirements (<21mg/week), 1,313
individuals (1,173 whites and 140 blacks) had moderate warfarin requirements (21-49mg/week),
and 486 individuals (402 whites and 84 blacks) had high warfarin requirements (>49mg/week).
Within the medium dose requirement group (60% of the study population), dose predictions in
whites were less than 5mg/week overestimated, while dose predictions in blacks were
~5mg/week overestimated. For the 17% of individuals with low warfarin dose requirements,
mean dosing error was <10mg/week overestimated in whites, and 10-20mg/week overestimated
in African Americans. The existing algorithm with the best performance among low-dose
requiring African Americans was Ramirez et. al. (overestimated warfarin dose by 11.6mg/week).
Within high dose requirement individuals (22%), all races were consistently underestimated by
10-20mg/week.

Discussion

The goal of this study was to: 1) account for variants associated with warfarin dose in
African Americans, 2) investigate whether race-stratified dosing leads to clinically significant
improved dose predictions, 3) investigate whether race adjustment using percent ancestry offers
improved prediction accuracy compared to EHR recorded race. The last goal was based on an
analogous study of lung function predictions (a continuous trait that, like warfarin dose, differs
by race) that found improved model fit when they included percent African ancestry.

Although this study required that individuals have DNA available in our biobank,
because we took a complete cross-section of all individuals with warfarin exposure and DNA,
the relative proportions of blacks to white (~10%) is consistent the broader VVanderbilt clinical
population. As previously observed in the literature,*** our black study population had a higher
incidence of DVT/PE as an indication for anticoagulation. The genetics of our population were
consistent with expected allele frequencies from the HapMap populations, with African
Americans having allele frequencies laying between the Yoruba in Ibadan, Nigeria (YRI) and
Americans of African ancestry in the southwest USA (ASW). Ancestry estimates for the black
population were as expected with African Americans having approximately 80% African
ancestry,** and allele frequencies for CYP2C9*2/*3 and VKORC1-1639 were consistent with

other studies in the VVanderbilt clinical population (that are not necessarily part of the biobank
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population).?® Importantly, CYP2C9 *2 and *3 homozygotes and compound heterozygotes were
only observed in our white population, lending support to the notion that use of only
CYP2C9*2/*3 may be insufficient with African Americans.

The results for the single variant associations to square root transformed warfarin dose
were mostly as expected. All of the variants that were not associated to warfarin dose in our
population have been classified by PharmGKB as Level 2B or Level 3 evidence — meaning the
association has never been replicated, or has variably replicated effects in other studies.** Thus
their failure to replicate in our population is not unexpected. Two variants, rs7200749 and
rs12777823, did replicate in this study, even though they are classified as Level 3 and Level 2B
status respectively. All other variants that replicated have been classified as a Level 2A or higher
evidence level. One SNP in VKORC1, rs2359612 had different magnitudes of effect in the
association, with blacks showing less effect of this variant on warfarin dose. This is likely due to
lower levels of linkage disequilibrium (LD) between this variant and the functional variants
rs9923231. In whites these two variants are in high LD (r>=1 in CEU), but in low LD in blacks
(f* = 0.04 in YRI). The two variants are highly correlated (D’ = 1) in both populations, but as
seen in our study the allele frequencies are different between the two variants in the black
population. The additional 10% minor allele frequency of rs2359612 is likely diluting the
statistical effect detected, thus reducing the magnitude of effect on warfarin dose. The other
variant that showed different patterns of association between the two populations was
rs12777823. This variant was associated with lower warfarin dose in blacks and higher doses in
whites. Although it has been previously shown that this variant does not associate with warfarin
dose in whites, but in that study the direction of effect was the same (though a smaller effect in
whites)."™ It is possible that there is an interaction present in our population that is modulating
this effect.

Correcting for race with percent ancestry yielded in interesting results in our analysis.
Within the clinical model, percent ancestry improved model fit (lower MAE, higher R?) across
the combined and white population. This effect went away in the combined population once
pharmacogenomic markers were added into the model. Interestingly, percent ancestry continued
to improve dosing among whites across all models, but decreased accuracy among blacks.
Figure 3.4 offers a possible explanation for the improvement among whites. Three individuals

who had a “white” EHR recorded race, actually had >50% African Ancestry. This race
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misclassification likely increased the MAE of our model fits that did not account for ancestry.
We chose not to manually change these individuals’ race, as this misclassification is a real,
generalizable® problem in the clinic, and would have an effect on algorithms’ accuracy if
clinically deployed.

To determine the overall “best” algorithm, we must think within the context of clinical
implementation of these algorithm. “Best” needs to be defined not just by performance, but also
the generalizability and feasibility of implementation. Further one must consider that the clinical
impact of dose misclassification is not consistent across all dosing groups. Over dosing
individuals with low warfarin requirements (warfarin dose <21mg/week) can lead to serious
bleeding events, while under dosing those with high warfarin requirements (doses >49mg/week)
can lead to clotting events.*****” We advocate using Figure 3.7 to evaluate algorithm
performance for desired implementation. For example, the Ramirez et. al. algorithm outperforms
all algorithms for blacks with low warfarin doses and performs similarly to the best algorithms
across most other groups. The MyDrugGenome algorithm performs less well in low-dose blacks,
but is the best for high-dose blacks and comparable to best models across other groups.
MyDrugGenome’s algorithm also has fewer SNPs required and does not use indication (difficult
to extract computationally for clinical decision support) in the model. This model also doesn’t
use race as a predictor, avoiding the impact of inaccurate EHR recorded race. Depending on the
institutional priorities and technical abilities, this model may be preferred even with the lower
performance in low-dose Blacks. Alternatively, if a clinical population has a significant Asian
population use of the IWPC algorithm may be preferred because it takes these variables into
account and performed within clinically acceptable ranges from the best performing algorithms.

An important limitation of this study is that two of the previously tested algorithms,
Ramirez et. al. and MyDrugGenome were both derived on a subset of patients included in this
study. Thus it is possible that the high performance of these algorithms in our population is
inflated and may not be generalizable. Additionally, given that these data are taken from a single
institution these results may not generalize to other populations. Warfarin dose is highly affected
by vitamin K intake and it is possible that the eating habits/cultural norms in the South may not
reflect those seen in other parts of the US and world. Similarly, since this study only included
whites and blacks, it is not clear how well the derived algorithms will perform among other

ancestry groups.
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In conclusion, expanding the variants in a warfarin dosing model does increase model
accuracy, but not in clinically significant ways. Similarly, race stratification resulted in the best
model fits for African Americans, but the difference is unlikely to be clinically significant.
Finally, percent ancestry surprisingly improves model fit — especially in the context of race
misspecification in EHR record whites. However, the improvement in the white population is not
clinically significant. When determining which dosing model to use, care must be given to
selecting a model that not only matches the racial make-up of the population, but also is
achievable financially and technologically.
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CHAPTER IV

EVALUATING PHYSICIAN RESPONSE TO PHARMACOGENOMIC-GUIDED

WARFARIN DOSING IN A HOSPITALIZED POPULATION

Introduction

Warfarin is a common anticoagulant used in the treatment of atrial fibrillation and venous
thromboembolism. It has a narrow therapeutic index with high inter-individual variation with
risk of significant adverse reactions from both over and under-dosing.'*® In 2010, the FDA began
providing specific dosing recommendations on the warfarin product label for carriers of the
CYP2C9*2, CYP2C9*3 and/or the VKORC1-1639G>A variants. Importantly, the product label
only provides these recommendations for cases in which the patient’s genotype is already

known, it does not recommend or require testing of these variants before prescribing warfarin.*

A number of randomized controlled trials of pharmacogenomic-guided warfarin dosing
have been conducted;*?"*?® the largest of which were the EU-PACT and COAG clinical
trials.*?>**° These two trials, and even multiple meta analyses of all trials have come to
conflicting conclusions about the clinical utility of pharmacogenomic-guided warfarin dosing.**®
Regardless, these trials only answer whether pharmacogenomic-guided warfarin dosing should
be implemented in the clinic. There have been only two studies examining the impact of
pharmacogenomic-guided warfarin dosing when actually implemented in the clinic.* This may
be due to the difficulty in reimbursement for genetic testing for warfarin dosing, ***and/or due to
the complexity of clinical implementation.>”. Much work has been done on physician and
pharmacist’s knowledge and perceptions of pharmacogenomics based testing,sg’w’150’15l but no
studies have assessed clinician’s behavior when provided with pharmacogenomic-guided
warfarin dosing outside of a specialty consult service.

To investigate how physicians actually respond when provided with pharmacogenomics

variables affecting warfarin dosing, we studied physician response to warfarin dosing clinical
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decision support inpatients experiencing a warfarin initiation during a hospital stay including

those with and without prospectively collected genetic data.

Methods

Pharmacogenomics Implementation

In September 2010, VUMC launched the PREDICT program to implement precision
medicine by testing, storing, interpreting and disseminating specific genetic variants with known

drug-gene interactions. As previously described,®"?®

all patients in the PREDICT program were
genetically tested using the Illumina BeadExpress ADME pharmacogenomics array within the
College of American Pathologists (CAP) accredited and Clinical Laboratory Improvement
Amendments (CLIA) certified VUMC Molecular Diagnostics Laboratory. Patients were selected
for the PREDICT program in two ways: 1) preemptively — patients identified to be at high risk
for receiving future prescriptions of warfarin, clopidogrel, or simvastatin,?® or 2) in preparation
for a percutaneous coronary intervention where it was anticipated the patient would ultimately
require antiplatelet therapy. Providers could also order testing on patients based on their
perception of clinical need. Specific drug-gene interactions were released in a staggered

approach as approved by the VUMC Pharmacy and Therapeutics Committee.

Beginning in April of 2013, implementation of the warfarin drug-genome interaction was
approved for clinical use in VUMC. Specifically, the VUMC algorithm used patient genotypes
of VKORC1 -1639G<A and CYP2C9 *2/*3 in an algorithm derived within the VUMC
population'® for patients with a goal INR range of 2-3. This algorithm is available at
MyDrugGenome.org (http://www.mydruggenome.org/warfarin_dgi.php). The combination of
these variants were mapped to the descriptive terms hyper-responder (presence of at least one A
allele in VKORC1 and/or presence of CYP2C*2 and/or CYP2C9*3 variants) and normal
responder (VKORC1 G/G and CYP2C9 *1/*1). Results were released into the laboratory and
patient summary sections of the patient’s EHR. Regardless of patient genotype, starting dose
clinical decision support (CDS) was triggered within the inpatient physician order entry system
(Horizon Expert Order, HEO) for all inpatient warfarin initiations at VUMC (e.g., where the
patient had no history of a warfarin prescription at VUMC). The CDS algorithm used either the
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|£) HEO Popup - [Order Entry]

If this is NOT a new start of WARFARIN, click the Not Mew Start
button to be directed to the proper Warfarin page.

Warfarin Initial Dosing Advisor

This patient may have been been tested for CYP2C9 and WKORC1 genetic variants that can affect a
patient's warfarin dosing requirements. The following dosing algorithm uses genetic and other patient
information to estimate a weekly warfarin dose, The dosing recommendation only applies to NEW starts of
warfarin with an approximate target INR range between 2-3. If the patient has previously taken a stable
dose of warfarin, please disregard this dosing recommendation and select "Not New Start" above.

Evidence link/View algorithm

Age: 64
Weight: |65 (kg)
Height: (15829 (cm)

Patient Genetic Variants: vkorcl a/g

Is the patient currently taking T ves

amiodarone? * No

Is the patient currently taking T Yes

phenytoin, rifampin, or carbamazepine? & No
Recommended

DAILY Dose: 3 mg QBEDTIME (2200), at 22:00 tonight

NOTE: Further dose adjustments may be necessary due to other clinical factors, such as diet and other
interacting medications (e.g., antibiotics or antifungals). This algorithm ONLY considers age, height,
weight, genetic factors, and select medications (amiodarone, rifampin, phenytoin, and carbamazepine).

Dose Override ‘ -

- Select a reason below, if overriding recommended daily dose --- j
Reason:

Other Reason: ‘

Cancel Submit Dose |

Figure 4.1 Example Screenshot of Vanderbilt Inpatient Warfarin Dosing Advisor

“Clinical Algorithm™ (e.g., used clinical data only: age in decades, height, weight, amiodarone
use, and enzyme inducer usage — i.c., phenytoin, rifampin or carbamazepine) or the “Genetic
Algorithm” (e.g., a combination of clinical and genetic data: above clinical variables plus
VKORC1 genotype and CYP2C9 *1/*2/*3 haplotype) based on genotype availability. Providers
were shown all variables and values used in the starting dose calculation, including genotype
where available, and a link to MyDrugGenome.org with information about evidence and
algorithm provided. The recommended dose was prepopulated in the ordering form, but
providers were able to adjust this dose as desired. Providers were queried using a drop-down
menu and/or free-text box to capture the override reason. Specific drop down options included:
1) patient has stable INR with alternate dose, 2) patient at high risk of warfarin-induced bleeding,
3) patient is taking a warfarin interacting drug, 4) INR goal 1.5-2.0. Figure 4.1 shows an

example screen shot of the pharmacogenomic warfarin advisor.
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Study Population

We selected all VUMC patients who had the in-patient warfarin CDS alert triggered
within approximately the first two years of the program (April 18, 2013 through June 30, 2015).
Based on the CDS trigger rules, this should include all patients during that timeframe who had a
new warfarin start during their hospital stay (defined as the lack of any history of a warfarin
prescription in Vanderbilt EHR — inpatient or outpatient). Thus, this population includes both
those patients that were that were advised using either the Clinical or the Genetic Algorithm. All
patients in this population had records of the variables used in the algorithm calculation, the raw
algorithm calculation (e.g., weekly dose of 37.263mg), the rounded algorithm calculation to a
dose-able format (e.g., weekly dose of 35mg), and the daily recommendation (e.g., daily dose of
5mg), as well as the provider ordered dose, and override reason. For safety concerns, the VUMC
Pharmacy and Therapeutics committee place an upper threshold of 7.5mg daily on all warfarin
start recommendations, regardless of the algorithm recommendation. For instances where the
CDS alert was triggered twice (e.g., before the first order had propagated through the system),
we used only the data from the first CDS alert.

Process Outcomes

We first manually reviewed and normalized all free-text entries for override reason. We
then removed all instances where the override reason made it clear that the algorithm
recommendation was inappropriate for that patient (i.e., the patient had stable INR on alternate
dose, height or weight was incorrect, or the INR goal range was not 2-3). We assessed clinician
adherence to the starting dose recommendation (defined as identical recommended and ordered
dose), our primary process outcome, with a chi-square test. We assessed the difference between
the two algorithm populations (e.g., were the algorithmic dose recommendations for the Clinical
population the same as the Genetic population) with a Wilcoxon rank sum test. Within
population comparisons of dose recommendation to ordered dose (i.e., paired samples) were
performed using a Wilcoxon signed rank test. Finally, we performed a Wilcoxon rank sum test
on the “dose difference” (i.e., ordered dose — recommended dose) for those patients where the

clinician did not follow the recommendation to assess whether clinicians deviated in similar
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ways across the Clinical and Genetic
populations. All statistical analyses were

performed in R v3.2.1.1

Clinical Outcomes

Two clinical outcomes were
assessed: INR measurements greater
than 4 and/or any bleeding events during
the hospital stay while on warfarin.
Discharge date and time were
determined based on the entry date of

the discharge summary note. In

Table 4.1 Search Terms for Adverse Event Detection
in Discharge Summaries'

Bleed

Bright red blood per rectum (BRBPR)
Epidural/subdural/subarachnoid bleed/hemorrhage
Epistaxis

Fresh Frozen Plasma (FFP)

Gl bleed (GIB)

Hematochezia

Hematuria

Hemoptysis

Hemorrhage

Looked up isotope

Melena

Packed red blood cells (packed RBC; PRBC)
Tagged RBC scan

Transfusion

!Searches were case insensitive. Acronyms and short
hands were search separately from the main term. All
combinations of terms were used.

instances where the discharge summary was unavailable from the database, or where the

Table 4.2 Patient Demographics

discharge summary date was
ten or more days after the

Clinical Genetic first warfarin order, we
(n =892) (n=78) .
Age, mean (SD), y 58 (17) 67 (13) manually reviewed the
I;emalel\,l O|\|?(;/()%) 405(454)  30(3846)  medical record to extract
ace, No. (%

White 737 (82.62) 64 (82.05) discharge date and assess
Black 122 (13.68) 12 (15.38) .
Other 33 (3.70) 2 (2.56) the presence of any bleeding

Welght, mean (SD), kg 85.7 (242) 92.3 (238) events dunng the

Height, mean (SD), cm 170.3(18.5)  169.4 (15.7) o

Interacting Drugs, No. (%) hospitalization. For the INR
Amiodarone 67 (7.51) 10 (12.82) .
Enzyme Inducers' 15 (1.68) 0 (0.00) analysis, all INR

Genotype, No. (%) measurements between the
Normal Responder - 23 (29.49) ) . .
VKORC1 A/G . 22 (28.21) first warfarin order (i.e.,
VKORC1 A/G; CYP2C9 *1/*2 - 6 (7.69) CDS trigaer) and the
VKORC1 A/G; CYP2C9 *1/*3 - 2 (2.56) gger)
VKORC1 A/A - 3(3.85) discharge date were
VKORC1 A/A; CYP2C9 *1/*3 - 1(1.28) wracted and individual
CYP2C9 *1/*2 _ 6 (769) extractea and inaiviauals
CYP2C9 *1/*3 - 7(8.97) with a max INR over 4 were
Indeterminate - 8 (10.26)

‘phenytoin, rifampin, and/or carbamazepine
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manually reviewed to confirm that the high measurement was valid and occurred while the
patient was on warfarin. To determine bleeding events, in addition to the manual reviews listed
above, we also manually reviewed all records where the patient died during the hospital stay. For
all other instances, we only reviewed discharge summaries that contained bleeding related
keywords (see Table 4.1).
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Figure 4.2 Warfarin predicted, recommended and ordered dose distributions across groups
Comparisons across groups (e.g. between clinical and genetic) were compared using a Wilcoxon rank sum
test. Comparisons within groups (e.g. between recommended and ordered) were compared using the paired
Wilcoxon signed rank test. Red dots show the specific discrete warfarin doses while the blue boxplot shows
the mean and interquartile range.

Results

A total of 1,161 individuals had a new warfarin start during a hospitalization between
April 2013 and June 2015. Of these, 189 were excluded from further analysis as physician
described reasons for deviation indicated that our algorithm would be inappropriate (138 already
on warfarin outside of Vanderbilt, 3 had incorrect height or weight, and 48 had an INR goal
range of 1.5-2). An additional two patients were removed from the analysis after manual review
for discharge date extraction revealed that they were not admitted when the warfarin order was
placed. After these exclusions, the Clinical population consisted of 892 individuals with only
clinical data to guide their starting warfarin dose and 78 individuals with previous testing for
CYP2C9 and VKORC1 variants in the Genetic population.

Characteristics of both populations are available in Table 4.2. Demographically the two
groups (Clinical and Genetic) were very similar with the sole exception of age. On average the
Genetic population was older than the Clinical population (mean age 67 vs 58 years old). The
majority of the patients in the Genetic group were hyper-responders (n = 47), the remainder were
normal-responders (n = 23) or had an indeterminate genotype (n = 8). Figure 4.2 contains a
summary of the two populations predicted, recommended, and ordered doses. The two
populations appeared distinct, both with regards to the original algorithm prediction (p = 2.6 X
10" and the ordered dose (p = 4.9 x 10°%). Further the dose distributions between ordered and
recommended dose were also statistically different within each algorithm, though the effect in
the Genetic population was attenuated (p = 0.011) compared to that of the Clinical population (p
=5.4x10™%).
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Table 4.3. Reason Listed for Ordering Different Dose than Recommended

Clinical” Genetic’

(n=376) (n=47)
Patient at Higher Risk of Warfarin Bleeding 70 (18.6%) 3 (6.4%)
Patient Taking a Warfarin Interacting Drug 62 (16.5%) 7 (14.9%)
Recommended by Other (e.g., Pharmacy, Hematology, PCP, etc.) 18 (4.8%) -
Physician Preference 11 (2.9%) 2 (4.3%)
New Warfarin Start 11 (2.9%) -
Per Protocol 5 (1.3%) 1(2.1%)
Other 32 (8.5%) 3 (6.4%)
No Reason Given 13 (3.5%) 1 (2.1%)

Patients Excluded from Analysis

Prior Warfarin Dosing Information Available 117 (31.1%) 12 (25.6%)
INR Goal 1.5-2.0 32 (8.5%) 16 (34.0%)
Data Incorrect or Recommended Dose Not Possible (e.g. 3.75mg) 5 (1.3%) 2 (4.3%)

“The clinical algorithm uses: age (decades), height, weight, amiodarone usage, and enzyme
inducer usage.
"The genetic algorithm uses clinical factors plus genotype at VKORC1-1639 & CYP2C9*2, *3.
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Figure 4.3 Clinician deviation from dose recommendation

Panel A shows the absolute difference of ordered versus recommended dose for each population. Doses
to the left of the dashed line indicate the provider ordered less warfarin than recommend, while points to
the right of the line are when clinicians ordered more warfarin than recommended. Panel B shows the
deviation with respect to the dose amount for each population. Points above the identity line indicated
warfarin dose orders larger than recommended, and points below the line are ordered warfarin doses
smaller than recommended.

Number of Patients
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Process Outcomes

Clinicians followed the advisors at similar rates (X = 0.0001, p=0.99) between the
Clinical (n=668, 74.9%) and Genetic populations (n=59, 75.6%). Table 4.3 contains a summary
of the top reasons listed for deviation from the recommended dose. As shown in Figure 4.3A,
when clinicians deviated from the recommended dose, they did so in different ways between the
Clinical and Genetic group (p = 8.4 x 10#). The range of magnitude of deviation was smaller
among the Genetic group compared to the Clinical group. Figure 4.3B places the dose
deviations in context of the original recommended dose. When the recommended dose was larger
than 5mg clinicians appeared to more frequently prescribe lower does than recommended in the

Clinical group compared to the Genetic group.

Clinical Outcomes

A total of 54 records missing a discharge summary and 73 records with discharge
summaries more than 10 days after the first warfarin prescription were reviewed to extract the
final discharge date. The two groups had similar observation time between warfarin order and
discharge (Clinical — mean = 2.9 days, std. dev. = 4.35 days, max = 62 days; Genetic — mean =
3.03 days, std. dev. = 3.44, max = 20 days). A total of 18 Clinical patients and 3 Genetic patients
died during their hospital stay. Of these, three patients in the Clinical group died after a bleeding
event while on warfarin. However, in only one case was a warfarin bleed the proximate cause of
death. Two patients in the Clinical and one patient in the Genetic groups experienced elevated
INR measurements (INR>4) without a bleeding event while on warfarin during the
hospitalization, but in none of the patients was this the proximate cause of death. Figure 4.4C
shows the course of care during the hospitalization for all of these patients who died following a
warfarin related event.

For the elevated INR assessment, 214 patients lacked any INR measurements between
the warfarin order and discharge (199 Clinical, 15 Genetic), and 19 patients had INR
measurements greater than 4 (16 Clinical and 3 Genetic). After manual review, nine Clinical
patients and one Genetic patient had confirmed INR measurements greater than 4 while on
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Figure 4.4 INR levels across the hospitalization for patients experiencing an adverse event on warfarin
This figure presents all INR measurements between warfarin initiation (time 0) and the end of the hospitalization.
Shapes of the point indicate whether the physician followed the dose recommendation (circle) or ordered more (up
arrow) or less (down arrow) than recommended. Colors indicate the override reason if given. Finally, the shading (filled
circles) show whether the patient was on warfarin during the INR measurement. Panel A contains the INR course for
patients experiencing a warfarin related bleeding event. Panel B contains the INR course for patients experiencing an
INR >4 without bleeding. Panel C contains individuals who died either because of, or following, an INR elevation or
bleeding event.
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warfarin (including individuals who died). Figure 4.4A contains information for the five Clinical
and two Genetic patients who experienced a bleeding event on warfarin, but did not die during
the hospitalization. For the bleeding event outcome analysis, 294 discharge summaries had one
or more of the searched keywords. After manual review, 7 Clinical and 2 Genetic patients had a
confirmed bleeding event while on warfarin during the hospitalization (includes individuals who
died). Figure 4.4B contains information for the seven Clinical patients who had elevated INR

measurements and did not die during the hospitalization.

Discussion

Although randomized controlled trials of pharmacogenomic-guided warfarin dosing have
shown mixed effects, it has been unclear how this dosing approach would perform in the clinic
and how providers would react when presented with pharmacogenetic data impacting warfarin
dosing. This study was a preliminary investigation of the first two years of the Vanderbilt
PREDICT program’s warfarin dosing intervention in the inpatient hospital. This is the largest
study of pharmacogenomic-guided warfarin dosing in prospectively genotyped patients. The

only other such study was limited to four patients in the Mayo clinic.’

We found that clinicians followed warfarin dosing advisors, regardless of algorithm type
(clinical data only, or pharmacogenomic), at high rates (~75%). This is a similar level of
adoption seen in a reactively genotyped population where the pharmacogenomic-guided dosing
recommendation came after the first or second warfarin dose.’ The rate of adoption was higher
than observed in other studies of prospectively-genotyped patients with CYP2C19-guided
clopidogrel prescriptions.?

Although there was not a statistically significant difference between the adoption of the
two algorithms, there were differences in prescribing behavior when physicians deviated from
the recommendation. We observed larger magnitudes of deviation from recommendation among
the Clinical group, especially among individuals with a high dose recommendation. Examination
of the reasons for deviation from the recommendation demonstrated clinically appropriate
decision making that did not reveal obvious reasons for the differing prescribing behavior

between the Clinical and Genetic groups. The large sample size difference between the Genetic
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and Clinical groups may explain this effect. Larger studies will be needed to replicate this

behavior pattern before conclusions can be drawn.

The clinical outcomes investigated in this study were intentionally limited to events
occurring only during the hospital stay in which warfarin was initiated, because of the small
sample size of the Genetic group. The large sample size differences between the populations,
limits the quantitative inferences that could be drawn from this analysis, and thus the results were
purely descriptive in nature. One of the most interesting findings of the clinical outcomes
analysis was that INR was not elevated at the time of the bleeding events in any of the seven
patients experiencing bleeding events while on warfarin (of those that did not die, Figure 4.4A).
This perhaps indicates that the bleeding events were unrelated to warfarin. Similarly, the one
patient who died from an intracranial hemorrhage attributed to tumor resection and warfarin
exposure by the attending physician actually had an INR less than 2 at the time of death (Figure
4.4C).

An important consideration for this study is the prospective nature of the genotyping. The
Genetic cohort was not randomly selected for genotyping, this group had genetic data available
at the time of the prescription because they had been previously tested as part of the PREDICT
program. Testing inclusion criteria included: visit in the cardiac catheterization lab, likelihood of
being prescribed a drug in the program within 5 years, or physician preference. This difference
likely contributed to the difference in age between the two groups (Genetic being older on
average), and the frequency of patients with INR goals ranges of 1.5-2 (higher in the Genetic
group).

In summary, clinicians accepted recommended warfarin doses from both the clinical and
pharmacogenomic models at a high rate (~75%) and there was not a significant difference of
acceptance between the two guidance models. When providers deviated from guidance the
clinicians frequently document legitimate clinical reasons for deviation with some exceptions.
Although there are sample size differences, the recommendations based on genomic data

appeared to lead to fewer outlier doses, which could translate to improved patient outcomes.

61



CHAPTER V

HARNESSING NEXT-GENERATION INFORMATICS FOR PERSONALIZING MEDICINE:

A REPORT FROM AMIA’S 2014 HEALTH POLICY INVITATIONAL MEETING

Reference to Publication

This work has been published in the Journal of the American Medical Informatics
Association. Additional details including full author list, contributions, and acknowledgements
please see:

Wiley LK, Tarczy-Hornoch P, Denny JC, Freimuth RR, Overby CL, Shah N,

Martin RD, Sarkar IN. Harnessing next-generation informatics for personalizing

medicine: a report from AMIA’s 2014 Health Policy Invitational Meeting.

JAMIA. 2016. doi:10.1093/jamia/ocv11l

Introduction and Background

Each year, the American Medical Informatics Association (AMIA) convenes an
invitational policy meeting to address important, cutting edge, and complex topics at the
intersection of health care and informatics. These meetings seek to identify challenges with
current policies, make recommendations for future policies, and identify research needs for
advancing the topic of focus. Past themes have included: clinical data capture and
documentation;*** health data use, stewardship and governance; ** and patient-centered care.*®
The 9th Annual AMIA Health Policy Invitational Meeting was held September 4-5, 2014 and
focused on harnessing next generation informatics for personalizing medicine.

The term personalized—or precision—medicine has multiple related definitions. A
systematic review of scientific literature using the terms “personalized” or “individualized”
medicine demonstrated how broadly these terms can be interpreted. From biological biomarkers

and genomic data to personal preferences, nutrition, lifestyle, and other phenotypic data, all have
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been referenced as ways to tailor health care to the individual.**® Indeed, the emergence of “P4
Medicine” embraces the breadth of interpretations by defining a model of healthcare that is
predictive, personalized, preventive, and participatory.” While it has always been a care
provider’s primary goal to adjust treatment based on the specific characteristics of a patient, new
knowledge and advancements in technology offer expanding opportunities to include a plethora

of new types of data for personalizing care.

Personalized medicine has become an active area of interest at the federal level. The 2008
Presidential Council of Advisors on Science and Technology (PCAST) released a report on
Priorities for Personalized Medicine.™® This report highlighted three primary challenges to
implementation: technology and tools, regulation, and reimbursement. Technical and policy
barriers for achieving a robust health information technology (HIT) ecosystem for enabling
personalized medicine were subsequently discussed in the 2010 PCAST report on Realizing the
Full Potential of Health IT (HIT) for Americans: The Path Forward.™® A key theme in both
reports pertained to the role of regulation to enable advancement of the national HIT
infrastructure. To help clarify these issues, the FDA published a report in 2013 on its own role in
medical product development that supports personalized medicine.*® Personalized medicine is at
the forefront of health and science policy with the 113/114th House Energy and Commerce
Committee’s proposed 21st-Century Cures Initiative' and the announcement of a Precision
Medicine Initiative in President Barack Obama’s 2015 State of the Union address.*®* The
national attention this area of science has garnered speaks to the importance and relevance of the

findings of this policy meeting.

Meeting Structure and Purpose

A Policy Invitational Steering Committee (PISC—see acknowledgements) consisting of
subject matter experts from the AMIA membership was assembled and chaired by Peter Tarczy-
Hornoch, Chair, Department of Biomedical Informatics and Medical Education, University of
Washington. The committee reviewed existing literature, set the meeting goals, agenda, and
invited presenters and attendees. Invitees were selected by the PISC with the intent of having
approximately 100 relevant subject matter experts and policy-savvy participants from a wide

range of perspectives. The core goal of the meeting was to develop policy recommendations and
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Table 5.1 Summary of Presentations

Title/Speaker

y Findings

Panel A: Policies Governing
Keynotes

Data Access for Research &

Panel B: Policies Regarding

Panel C: Policies for Data
Integrity and Preservation

Personalization of Care

Knowledge Representation

Personalome: Current
Activities and Insights
Yves A. Lussier, MD

NIH as a Digital Enterprise
Philip E. Bourne, PhD

Policies governing data
access for personalization of
care and research
Patrick Ryan, PhD

Personalization & Data
Protection: Policies, Pitfalls,

& Opportunities
Bradley Malin, PhD

What We Talk About When
We Talk About HIPAA
Erin Holve, PhD

tranSMART & the Emergent
Requirement for Policies of
Knowledge Representation and
Sustainment in Trans. Research
Brian D. Athey, PhD

Policies regarding
knowledge representation
John loannidis, MD, PhD

Policies regarding
knowledge representation
Thomas Scarnecchia, MS

The ecosystem of
personalized medicine: using

complex systems approaches
to find weak signals in data
Clay B. Marsh, MD

Data integrity and

preservation
Betsy L. Humphries

Policies to support data
needs: questions for
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The genome is dynamic (e.g. somatic mutations) and involves more than just genes and
genotypes (e.g. copy number variation, epistasis). Even the non-protein coding genome
complex as it is critical for gene regulation (e.g. gene expression levels) in ways (e.g.
epigenetics) that are not yet fully understood.

It is important to balance our genomic knowledge with the human experience (e.g.,
individuals with male karyotype, who are phenotypically female due to other genetic traits
like androgen insensitivity syndrome).

Digitization and rapid data growth have the promise of being disruptive to biomedical
research and healthcare as they have been in other industries. Part of that disruption leads to
concerns about the reproducibility and sustainability of research.

Change is needed. Initiatives like the NIH Commons and cloud-based access to shared big
data resources (computational and data sources), along with different business models, are
potential approaches that can effect change and create a sustainable infrastructure that
better supports reproducible research.

Patients deserve personalized evidence to improve the quality of their care. Establishing the
reliability of real-world evidence is a necessary prerequisite for a learning health system.

Patient-level predictions of personalized evidence require big data, but do not necessarily
require exposing patient-level data.

Risk analysis for de-identification is possible, but there are no agreed upon standards. We
need a national clearinghouse of models, methods and evaluations within the context that
protections should be proportional to potential for harm.

It is possible to perform secure computations over health data, such that no patient-level
records are revealed. However, to achieve such goals, the healthcare community must
agree upon the infrastructure for such activities, including who gets to manage the keys,
who performs the functions over the data, and where the data is stored during the process.

Local interpretations of HIPAA privacy provisions are highly varied and may be incorrect.
This lack of clarity can be improved by sharing best-practices.

Consent needs to be reimagined and reengineered to better engage and empower patients
and families to manage and share their data.

There are multiple methods for standardizing knowledge through the use of common data
models (e.g., OMOP) and/or through standard data terminologies (e.g., SNOMED, LOINC,
etc.).

Private-public partnerships and open data projects are essential for bringing together
expertise, experience, and resources that are not possible when working independently.
There are no standard methods for interpreting genomic data, making it difficult to
incorporate these data into clinical care.

The clinical efficacy, effectiveness, and cost-effectiveness of genomic-guided decision
support are largely unknown.

It is unclear how well the appropriate terminologies cover the molecular diagnostics
available today (e.g., LOINC codes for clinically available genetic tests).

Many institutions keep their genomic data repositories separate from their EHR platform.
Perhaps there is the opportunity to use common data frameworks to allow for sharing and
distributed analytics.

To fully realize personalized medicine, we need vast amounts of data to identify small
signals. This is only possible within the context of interoperable data sharing.

We need the right integrative tools to make sense of the data. Viewing the data through
different lenses allows for important insights that might otherwise be hidden. We also need
to use the meaningful data to create analytic tools of the future that may more easily extract
this data and ultimately give us the right lens to see only signal in the future.

Preservation of digital data equates to permanent access; in contrast to clinical data, lost
genomic data may be easier to recreate.

Robust metadata need to be collected and retained along with genomic testing data or
clinical data to allow for meaningful use of those data in the future.

The greatest public benefit can be achieved if genomic data are made available—under
terms consistent with participant informed consent—in a timely manner and to the largest
possible number of investigators.

In preserving patient privacy, we need to move away from thinking only about preventing
inappropriate data access and include more explicit attention toward enabling appropriate
data use.
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a research agenda to advance the goal of personalizing medicine. Recognizing the broad
definition of personalized medicine discussed above, the PISC focused the meeting discussions
by limiting the definition of personalized medicine to topics related to personalizing care through
the integration of genomic or other high-volume biomolecular data (collectively referred to here

as “omics data”) with data from clinical systems.

In preparation for the meeting, a designated panel chair provided specific objectives to
each presenter along with a packet of pre-reading material and questions that were also used for
small group discussion sessions for all attendees.'® The meeting was convened on September 4-
5, 2014 in Washington, DC. The 93 registered attendees included healthcare providers,
academicians, technology vendor representatives, industry executives, policy makers, specialty
society representatives, consultants, federal regulators, students, patients, caregivers, and AMIA
staff.

Two keynote presentations provided context on the history of personalized medicine, the
state of current knowledge, and insight into future innovations. Panel presentations prior to each
of three breakout sessions provided a more specific view on the policy and research challenges

surrounding three primary areas of focus:

1. Policies governing data access for research as well as personalization of clinical care
2. Policy and research needs regarding evolving data interpretation and knowledge
representation

3. Policy and research needs to ensure data integrity and preservation

These panels were didactic in nature, with each panelist having approximately 15 minutes each
for a prepared presentation. At the end of each panel there was a 15 minute period for audience
questions.

A summary of the meeting presentations is given in Table 5.1. Following the question
period for each panel, there were three ~90 minute breakout sessions which divided the attendees
into three smaller discussion groups to address specific questions developed by the
PISC(presented in Table 5.2). Each set of small group discussions were followed by a report out
and further reflection and discussion by the group at large. Following the meeting, notes taken by
scribes throughout the meeting were summarized and synthesized by the authors to develop
policy findings and recommendations. These preliminary findings and recommendations were

presented at the AMIA 2014 Annual Symposium®®® and then reviewed and refined by the PISC.

65



Table 5.2 Breakout discussion questions

Breakout A: Policies governing data access for research and personalization of care

1. What current policies limit access to and the use of data for personalization of care?

* What best practices, guidance, or strategies to “get to yes” exist?
+ [If a path to use does not exist] Who should modify the existing policies and
what would the wish list for that modification be?

2. What policies exist around consent for re-use of data for personalizing care and
enabling research? Are there precedents or analogous policy structures in other
domains?

3. What should be the policy basis (and incentives) for providers, patients, and vendors to
provide access to data across medical record systems?

Breakout B: Policies regarding knowledge representation

1. Are policies and/or best practice guidelines needed for initial and future re-annotation
and interpretation of genomic and other high volume data for clinical purposes, given
that annotation and interpretation is expected to change as scientific understanding
grows?

2. Are policies and/or best practice guidelines needed to support representing data and
knowledge in electronic clinical systems in a manner that facilitates automated
decision support logic as well as representation in human-readable formats (i.e.,
documentation formats)?

3. What is needed to incorporate the approaches from #1 and #2 in health IT
environments so that knowledge can be applied to screening, patient management,
tracking and reporting?

Breakout C: Policies for data integrity and preservation

1. What policy issues could affect the integrity and persistence of the data needed to
achieve the goals of personalizing medicine?

2. What policies are needed to permit data to be safely shared across distributed
platforms?

3. What research is needed to identify policy gaps and barriers that impact persistence
and integrity of the data and how should this research be funded?

Findings and Recommendations

Key findings and recommendations from the meeting participants were further refined by
the authors and are summarized below. Recommendations for each set of findings are further
detailed in Table 5.3.
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Table 5.3 Summary findings and recommendations

Topic

Findings

Recommendations

Policies governing data access for
research and personalization of care

Policy and research needs for evolving data
interpretation and knowledge representation

Policy and research needs to ensure data

integrity and preservation

There is ambiguity in
the legislation and
regulatory language
and wide variation in
the interpretation of
legislation on the
differences between
quality improvement
(QI) and research.

Patients play a vital
role in personalizing
medicine by providing
specific and general
consent for use of
their data for others’
benefit.

It is important to de-
couple genomic or
high-volume data
from clinical
information systems
and retain some form
of the raw data in
structured and
standardized forms.

There are ethical,
legal, and social
considerations that
need to be addressed
surrounding the (re-)
use and (re-)
interpretation of data.

Errors in medical
records present
significant barriers to
delivering
personalized
medicine and to the
realization of a
learning health care
system.

Ambiguities in
regulations that
govern the sharing of
patient data must be
clarified.

1.

Congress should consider the recommendation of the AMIA Public Policy Committee to “[amend] the
HIPAA definition of health care operations to include ‘non-interventional research’ (e.g., research
utilizing previously collected data) as an appropriate operational use of PHI.”*%4

The U.S. Department of Health and Human Services (HHS) should clarify pathways for work originally
undertaken as QI to transition into a research designation and undergo IRB review, thus facilitating
broader dissemination of learning at multiple institutions.*%*

Entities overseeing research should move toward centralized IRBs (for example, www.irbshare.org) to
address the differing interpretations of overlapping privacy laws, reduce the inconsistency of IRB review
and reduce the overall review burden as the number of studies increase.

HHS (through its public education budget) or other stakeholders should fund public awareness
campaigns to better communicate the actual benefits and risks of sharing medical data. Numerous tools
for such a campaign have been developed (or are being developed).1851%

Federal and state regulators should harmonize, or at least clarify, the various federal and state restrictions
on obtaining patient consent for the sharing of genomic data. Current models in use are opt-out, broad
consent (as advocated by the NIH Genomic Data Sharing Policy), or project-specific consent. Currently
as patients move around the country, they are subject to different consent laws that create confusion and
additional burden. Resources such as the Participant-Centered Consent Toolkit'®” can be leveraged to
ensure that managing consent for data sharing does not become onerous on the patient.

HHS (through AHRQ, NLM or CMS) or another convener should establish a standing expert panel
(consisting of representatives from various groups including: AMIA, the American Society for Human
Genetics, and the American College of Medical Genetics) to determine which metadata elements are
crucial to allow for reinterpretation and reanalysis of genomic or other high-volume data as required
minimum data sets.

Researchers should assess the adequacy and/or need to adapt existing terminologies and ontologies for
the capture of both metadata elements and the interpretations of these data.

Laboratories should return genomic or high-volume biomolecular data in a computer-readable format
(rather than PDF) that contains the appropriate metadata as determined by the aforementioned expert
panel. This format should be considered the minimum standard for data reporting and should use
standardized terminologies and ontologies whenever possible.

Industry stakeholders should identify data governance standards to allow for storage of raw data outside
of clinical information systems and develop policies regarding required levels of clinical relevance before
release of these data into the medical record.

Regulators should develop guidance on who bears legal responsibility for the re-annotation of genomic
and high volume-biomolecular data. Specific questions that need to be addressed include the length of
time and frequency of re-annotation required, definition of who should be contacted with the new
information (ordering physician, primary care physician, patient), and procedures for instances where the
contact person or patient cannot be found.

The HHS Office of Civil Rights should clarify the patient rights—consistent with their HIPAA-based
rights to a copy of the content of their medical record — to access their raw and non-clinically relevant
biometric data that are kept outside of clinical information systems (as previously recommended
Researchers should conduct studies on the impact of errors on the reuse of medical records, especially
those types of data that are most likely to be used as part of a learning health care system for the
diagnosis, treatment, and prevention of disease. Methods that help to prevent the introduction of errors in
medical record data should be identified, including the development of standardized documentation
practices that facilitate the reuse of these data and standardized consent language that provides
uniformity across studies and institutions.

Industry stakeholders should engage in a national discussion on the rights of patients to have the ability
to add data to their record to identify and correct errors (through amendments) without going through a
physician intermediary as is the current custom. These amendments should be flagged as patient initiated;
just as other patient generated data are typically flagged. As part of this discussion, policies and
responsibilities regarding the correction of errors in medical records should be clarified. Additionally,
policies that outline the responsibilities of health care providers to collect, store, maintain, and use
patient-provided data should be reviewed.

Congress and/or HHS should clarify the application of HIPAA guidelines to data sets that might be
considered to be biometric identifiers, such as genomic data, which may be impossible to fully de-
identify without destroying their integrity and usefulness. If omic data sets are considered to be a
biometric identifier, then an alternative mechanism should be described through which these data could
be shared; the applicable regulations should be updated accordingly.

Federal legislators or regulators should augment legal protections to safeguard de-identified data and
allow for the prosecution of those who misuse de-identified data. In particular, specific prohibitions
should be enacted against the attempted re-identification of research subjects.
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Policies Governing Data Access for Research and Personalization of Care

Finding: There is ambiguity in the legislative and regulatory language and wide variation in the
interpretation of legislation and regulation on the differences between quality improvement (QI)
and research.

Activities that involve the use of data collected from humans are regulated by multiple
rules. In simplified terms, information sharing activities related to treatment, payment and
operations are permitted under the Health Insurance Portability and Accountability Act of 1996
(HIPAA) privacy rule.'®® Most internally focused QI initiatives do not fall under the Federal
Policy for Protection of Human Subjects (“Common Rule”)™® but are considered part of health
care operations under HIPAA and hence do not need review by an institutional review board
(IRB). However, a problem arises when a QI initiative yields generalizable findings that would
ideally be shared with the broader health care community. When one desires to publish the
findings of a finished QI project, the work is then considered to be research and is subject to the
Common Rule, thereby necessitating IRB review. Further, depending on the actual data items
used, HIPAA may or may not apply, possibly restricting the use of protected health information
(PHI). This circumstance leads to significant confusion about how to apply these rules and
results in lost opportunities for shared learning among healthcare institutions.

Recommendations (See Table 5.3):

1. Classify non-interventional research as appropriate use of PHI under HIPAA regulations.
2. Create mechanisms to transition QI projects to research designations.

3. Move toward centralized IRB solutions.

Finding: Patients play a vital role in personalizing medicine by providing specific and general

consent for use of their data for others’ benefit.

Patient perceptions of the risk/benefit tradeoff in data sharing was identified by meeting
participants as a key challenge, in part due to highly publicized data breaches disclosed under the
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modified HIPAA and the Genetic Information Nondiscrimination Act reporting requirements.*"”

Positively, in prior surveys >80% of participants indicated that they would allow their health
information to be shared among their providers.'”* Additionally, in a study from the UK, 62% of
respondents supported the use of EHRs for care provision, planning, and research; about 28% of
respondents were undecided.'’> Among the undecided group, 80% supported use for research,
and 67% preferred the use of de-identified data.

Recommendations (See Table 5.3):

1. Using public education funds from the Department of Health and Human Services
(HHS), develop public awareness campaigns to accurately communicate benefits and risks of
data sharing.

2. Harmonize state and federal laws on consent requirements to reduce the burden placed on

patients who are willing to share their data.

Policy and Research Needs for Evolving Data Interpretation and Knowledge Representation

Finding: It is important to decouple omics data from clinical information systems and retain

some form of the raw data in structured and standardized forms.

Knowledge about both the analysis and interpretation of omics data, once acquired, is
expected to change as scientific understanding grows. Currently, omics data interpretations can
be returned as reports (e.g., Portable Document Format files) that do not allow for reanalysis or
reinterpretation.® The raw data underlying these reports are usually unavailable to either the
ordering provider, patient, or payer. Unfortunately, it is presently unclear what forms of raw data
(e.g., variant data) and metadata (e.g., what was measured, how it was analyzed) should be
retained. Additionally, underutilization of standardized terminologies and ontologies to describe
both the raw data and interpretations hamper consistent interpretation of results across different
testing centers.?”*”® Many institutions have found that it is not feasible to store these data in the
clinical information systems due to both size and variable clinical utility at the time of data

collection.®*™
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Recommendations (See Table 5.3):

1. Convene a standing expert committee to identify necessary metadata elements for omic
data reanalysis and reinterpretation as new technologies emerge.

2. Research adequacy of existing ontologies and identify additional needs to capture omics-
related metadata and interpretations.

3. Require that omics data be returned in computer readable formats as part of Clinical
Laboratory Improvement Amendment (CLIA) certification.

4. ldentify data governance standards to keep raw biomolecular data separate from clinical

information systems.

Finding: There are ethical, legal, and social considerations that need to be addressed surrounding
the (re-)use and (re-)interpretation of data.

Genomic data, in particular, has value across the lifetime of a patient. Although technical
innovations make it increasingly feasible to measure these data repeatedly, a single measurement
of these data maintains more value than is typical of other health data. At present, most of these
tests are analyzed a single time and are siloed at the collecting institution unless the patient
requests their health records. However, as previously stated, many of the institutions collecting
genomic data do not store these data in a patient’s medical record due to the large volume and
variable clinical utility of these data. If these data are not part of the patient’s medical record, it is
unclear whether the HIPAA record access provisions apply. Should those provisions apply to
medically collected biomolecular data, additional clarification is needed to determine the level of
“raw” data the patient is entitled access (e.g., sequence reads vs. all genotype vs. variant list).
Drawing from other types of medical data, if genomic data are treated like imaging data, a
patient should have access to the raw information reported by the instrument, allowing for
complete reanalysis and interpretation by an outside source. However if genomic data were
treated like other laboratory tests, simply returning the final genotype calls would be sufficient
(e.q., laboratory tests that make use of mass spectrometry only report the analyte of interest,
rather than the entire mass spectrum). Regardless of the patient’s right to access these data, we

know that the interpretation of these data will evolve over time. It is unclear at present who bears
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ethical and legal obligations to perform this reanalysis and inform patients with this updated

information.

Recommendations (See Table 5.3):

1. Define who bears ethical and legal responsibilities for reanalysis of raw data.
2. Clarify the patient’s right under HIPAA to access raw biomolecular data collected by

care providers when those data are not stored in the medical record.

Policy and Research Needs to Ensure Data Integrity and Preservation

Finding: Errors in medical records present significant barriers to delivering personalized

medicine and to the realization of a learning health care system.

Accurate health records are necessary for delivering personalized medicine and for
realizing a learning health care system in which current medical information is used to inform
future treatment decisions. Under current legal guidelines, medical record data cannot be altered
to remove errors. Instead care providers may add information in the form of an amendment that
identifies and corrects the error. While amending errors this way is usually sufficient for
traditional patient care, it can be problematic for personalizing medicine. First, many of the
methods used to personalize medicine rely on computer algorithms processing medical record
data. Many of these algorithms rely on keywords and are not sufficiently advanced to identify
corrections in the form of amendments. At present it is unclear how frequent this type of error is
and what impact it has on downstream analyses of medical record data. Secondly, from the
patient perspective, requiring a healthcare provider intermediary for amendment and error
correction can be fraught with challenges. Many providers are unwilling or unable to amend
documentation from other providers, or simply forget to enter the amendment given the high

workload from increasing documentation requirements.
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Recommendations (See Table 5.3):

1. Conduct research on the impact of documentation errors on reuse of medical record data
by computational methodologies.

2. Engage in a national discussion on the rights of patients to go beyond reading their
medical records as assured by HIPAA, to having the ability to add data to the record to
identify and correct errors without going through a physician intermediary as is the current

custom.

Finding: Ambiguities in regulations that govern the sharing of patient data must be clarified.

To more effectively practice personalized medicine using omics data, researchers must
have access to large patient data sets, which are most efficiently assembled through the sharing
of data among multiple institutions (requiring mechanisms for unique patient identification or
other record matching techniques — a key focus of the AMIA 2012 Health Policy Invitational*>).
The provisions outlined in HIPAA for sharing de-identified and limited data sets are often used
by institutions to govern what data can be shared. There are concerns, however, whether omics
data should be considered a “biometric identifier” that would be excluded from data sharing
initiatives under HIPAA. If these data were classified as PHI, a number of NIH data sharing
mandates (e.g., NIH database of Genotypes and Phenotypes — dbGaP'"®) would be problematic
for EHR-linked biobanks. There are also privacy concerns for the large data sources, currently
legal protections related to the potential misuse of clinical data are not transferable to de-
identified data sets. Further, mandates requiring broad data sharing create privacy concerns for
patients who may otherwise desire to share their data with local researchers, but not be

comfortable with broader use of their data.

Recommendations (See Table 5.3):

1. Clarify whether -omics data are considered biometric identifiers under HIPAA.
2. Augment legal protections to safeguard de-identified data from misuse and attempted re-

identification of subjects.
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Conclusions

The anticipated benefits of personalized medicine have brought the field to the forefront
of biomedical research as well as health and science policy. The 2014 AMIA Health Policy
Invitational Meeting focused on topics related to using omics data integrated with data from
clinical systems to personalize care. Realizing the potential of personalized medicine and moving
it from demonstration projects to routine clinical care will require addressing a number of
important policy and technical considerations. The policy recommendations emerging from the
meeting underscored the need for thoughtful policymaking to advance the incorporation of omics
data into contemporary medicine for the ultimate development of an integrated learning health

care system that epitomizes the promise of precision medicine.
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CHAPTER VI

DISCUSSION AND FUTURE DIRECTIONS

This dissertation sought to identify solutions to barriers to clinical implementation of
pharmacogenomics. Chapters 111-V of this dissertation were focused on exploring solutions to
three identified barriers:

1. Lack of equity in pharmacogenomic interventions

2. Assessing physician behavior in response to pharmacogenomic interventions

3. Technical and policy barriers to pharmacogenomic/precision medicine interventions.
My study of warfarin dosing algorithms in Chapter 111 revealed that within the Vanderbilt
population, known genetic variants and modeling strategies are currently insufficient to achieve
similar predictive accuracy across whites and blacks. However, my preliminary study of
physician response to pharmacogenomic-guided warfarin dosing in Chapter 1V revealed that
physicians are accepting of warfarin pharmacogenomic interventions. Thus if more genetic
variants influencing warfarin dose in African Americans are identified and implemented, it is
possible to improve dosing in this population. Finally, my work identifying technology and
policy barriers solutions discussion at the AMIA Health Policy Invitational presented in Chapter
V provide a plan for the steps needed to fully realize clinical implementation of

pharmacogenomics.

Impact of Work on Existing Clinical Pharmacogenomic Implementations

The work presented in this dissertation may have the most relevance to two current
clinical pharmacogenomic implementation projects: the PREDICT program and the 13P network.
The PREDICT program has historically used the Illumina ADME genotyping platform that
included a number of the expanded variants studied in Chapter I11. With that platform,
implementation of algorithms developed in my study would have mostly required policy changes

from the Vanderbilt Pharmaceutical and Therapeutics Committee to release the variants into the
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EHR. There would have been minimal technical changes required to adapt the clinical decision
support rules to include these variants.

However, Illumina has discontinued sale of the reagents required for the ADME chip,
and both the PREDICT program and the I3P network, which relies on genotyping through the
Vanderbilt laboratory, had to switch genotyping platforms. PREDICT is now moving to a more
focused assay that has a limited number of variants, and currently does not include most of the
expanded variants studied in this dissertation. One ongoing question with the move to the
PREDICT 2.0 platform is whether a second assay should be added to capture these additional
variants. This would increase both the technical/laboratory complexity as well as the cost of
testing. Additionally, the low frequency of the expanded variants across the general population
reduce theoretically reduces the value proposition of adding a second assay.

My study validated that the less complicated dosing model implemented in PREDICT
and MyDrugGenome was surprisingly one of the best performing algorithms among more
complicated models within most patient subsets. The sole exception is among low-dose requiring
African Americans. In this particular patient subset, the MyDrugGenome algorithm faired quite
poorly compared to the more complex algorithms (overdosing warfarin by ~10mg/week more
than the best performing algorithm). Based on these findings it may be worth adding a second
assay solely for African American patients. It also would be beneficial to develop a single
algorithm that can flexibly include the additional variants without having to institute a second
clinical decision support algorithm.

Although adding race-stratified genotyping would be impacted by race misclassification
in the EHR, overall it would better meet the needs of our African American patients. It is
unknown how such a race-based approach would be viewed by patients. In general, minority
patients have been distrustful of race-based dosing approaches preferring specific genetic
testing.*"®"" Unfortunately, these previous studies did not explicitly ask about patient’s view of
race-based testing in lieu of race-based prescribing.

A remaining question in the field of pharmacogenomics and precision medicine is the
level of evidence necessary before clinical implementation. Although the randomized controlled
trial has historically served as the gold-standard of evidence, the movement towards precision
medicine with treatment tailored for small groups or even single patients make it clear that a

different paradigm is needed. One possible alternative to the population-based RCT is to operate
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under the model of a learning healthcare system.** The learning healthcare system takes some
new evidence or scientific finding (e.g., variation in CYP2C9 and VKORC1 associate with stable
warfarin dose), uses clinical evidence to translate these findings into clinical decision rules
(pharmacogenomic-guided warfarin dosing algorithms), implements those rules into clinical care
and then evaluates the impact to determine if changes are needed. The evaluation of the
PREDICT program clearly falls into the evaluation process that determines the real-world
clinical impact of this change. The warfarin dosing in African-Americans study shows to power
of the learning healthcare system as it is the next loop of implementation cycle - providing new
clinical decision rules in response to evidence of the unintentional disparity introduced by
pharmacogenomic-guided warfarin dosing seen in randomized controlled trials. This rapid
iteration approach provides a rich framework for future pharmacogenomic studies and

implementations.

Impact of Novel Oral Anticoagulants (NOACS)

As described in Chapter 11, a novel class of direct acting oral anticoagulants (NOACsS, or
DOAC:S) has the possibility of rendering the warfarin dosing problem a moot point. In general,
NOACS are faster acting that warfarin and have less dose variability across the population.
NOAC:Ss also do not require INR monitoring or dietary restrictions (as a vitamin K antagonist,
warfarin is very sensitive to dietary intake of vitamin K), which significantly reduces
inconvenience for patients. Although NOACs have been shown to be as effective as warfarin for
certain medical conditions,* warfarin retains some advantages as an anticoagulant. First, the

drug is quite inexpensive and until recently*’

was the only oral anticoagulant to have a readily
available reversal agent in case of supratherapeutic anticoagulation. While warfarin retained its
spot as most prescribed anticoagulant in through the end of 2014, prescriptions of all NOACs
combined matched the frequency of warfarin prescriptions.**

Germaine to the previous discussion of this work’s impact on existing clinical
implementations, as part of the 13P network, | have examined trends in pharmacogenomic
affected drugs and their alternatives across the different study sites over time to assess and
confirm the value of the proposed interventions. While VVanderbilt has not seen significant

reduction of warfarin usage since NOAC’s approvals, the story is different at the VA. NOAC’s
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were approved with restriction at the VA in 2015; since that time, their frequency has grown to

almost completely replace warfarin for anticoagulation therapy (Figure 6.1). While it is possible

NOACSs will similarly grow in commonality across the US, these drugs are new and we do not

yet fully know the spectrum or frequency of potential adverse outcomes, nor is much known

about the pharmacogenomics of these drugs. On possibility in the future is that instead of using

warfarin sensitizing variants to dose warfarin, they will instead be used to assign alternative

anticoagulation therapies while individuals without them may continue on warfarin therapy.
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Figure 6.1 Warfarin Prescription Frequency Over Time at Vanderbilt and the Nashville VA

Current Policy Landscape

One of the most significant barriers to precision medicine identified in Chapter V was
the tension between the Common Rule and HIPAA surrounding quality improvement projects
and non-interventional research. Important changes in the policy landscape have occurred since
that work was concluded. HHS released a Notice of Proposed Rule Making (NPRM) to revise
the Common Rule. Introduced in this NPRM were sweeping changes to the definition of human
subjects reclassifying biospecimens as “human subjects” such that informed consent is required
for all studies acquiring biospecimens for research.'” The revision also reclassifies types of
studies subject to IRB review — including non-interventional EHR research. One of the
challenges highlighted in Chapter V was the regulatory overlap and tension between the
Common Rule and HIPAA. None of the proposed changes improved these conflicting regulatory
demands and in some cases made this overlap more complex. Public comments on the NPRM

are currently under review.

Future Directions

This dissertation highlights a number of opportunities and directions for future research.
First, surrounding warfarin dosing in African Americans, it is clear more variant discovery
research in African Americans is needed. Most of the variant discoveries among African
Americans have been completed by three to four groups across the US, and sample sizes of these
studies have been small. It is possible that large study cohorts like the Precision Medicine
Initiative'®® will enable sufficiently powered studies to identify more variants impacting warfarin
dose among African Americans. In the meantime, more pragmatic work can be done to identify a
flexible dosing algorithm that can use extended variants where available, but that also has
acceptable accuracy when those variants are missing to allow for cost-effective implementation

via programs like PREDICT.
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With regards to the evaluation of PREDICT implementation, this study was preliminary
in nature and intentionally small in scope. During manual review of records, it was clear that a
handful of individuals experienced a warfarin related bleed after being discharged and then
quickly readmitted. Thus further research is needed into longer term clinical outcomes within the
hospitalized population. As mentioned in Chapter 1V, the sample size of this population was
small, likely because warfarin initiation typically occurs in an outpatient environment. PREDICT
was implemented in the outpatient clinics simultaneously to the intervention analyzed in this
dissertation. The outpatient cohort is significantly larger than this study (~10x larger) and may be

more amenable to quantitative testing of clinical outcomes.
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