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Summary

The differential performance of polygenic risk scores (PRSs) by group is one of the major ethical barriers to their clinical use. It is also one
of the main practical challenges for any implementation effort. The social repercussions of how people are grouped in PRS research must
be considered in communications with research participants, including return of results. Here, we outline the decisions faced and
choices made by a large multi-site clinical implementation study returning PRSs to diverse participants in handling this issue of differ-
ential performance. Our approach to managing the complexities associated with the differential performance of PRSs serves as a case
study that can help future implementers of PRSs to plot an anticipatory course in response to this issue.

Decisions about how to validate and what to communi-
cate highlight a related ethical challenge when using PRSs
that more reliably predict risk in certain groups. The
danger is that differential performance is interpreted as re-

Introduction

The differential performance of polygenic risk scores (PRSs)
by group is often described as one of the major ethical bar-

riers to clinical implementation, as Martin and colleagues
clearly articulate in an article of the same name, “Clinical
use of current polygenic risk scores may exacerbate health
disparities.”' In addition to being a major ethical concern,
the differential performance of PRSs is also one of the main
practical challenges for the clinical use of PRSs. Before PRSs
can be returned to patients, careful decisions are needed on
how to validate the scores, whether and how to communi-
cate the significance of any differences in performance to
patients and healthcare providers, and the terms used to la-

flecting significantly different genetic risks between so-
cially defined groups. This danger is particularly acute
when PRS validation efforts utilize continental ancestry
categories that are readily (and frequently) conflated with
socially constructed categories of race and ethnicity.” The
field of genetics has a long history of entanglement with
racialized thinking,” an entanglement that will continue
without carefully considering how—and by whose deci-
sion—people are grouped, labeled, and analyzed in the
expanding fields of genomic research and genomic

bel the groups the scores were validated in. medicine.*
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Here, we describe how a large multi-site clinical imple-
mentation research study considered, and acted upon,
these challenges during the study design phase. The Elec-
tronic Medical Records and Genomics (eMERGE) Network
is returning genomically informed risk reports that incor-
porate PRSs for ten conditions to 25,000 participants (Clin-
ical Trial ID NCT05277116).> Each of the 10 study recruit-
ment sites included investigators who conducted linked
ethical, legal, and social implications (ELSI) research de-
signed to inform implementation decisions, all of which
involved seeking input from various stakeholders.’ !

The main report returned to patient participants in the
study is known as the Genomic Informed Risk Assessment
(GIRA). The GIRA displays PRS information, monogenic
risk, family history, and clinical risk factors (available in
the supplementary materials of Linder et al.”). For two con-
ditions, breast cancer and coronary heart disease, absolute
risk scores that integrate PRSs, personal factors, family his-
tory, clinical risk factors, and in the case of breast cancer,
monogenic results, are given in the GIRA. A stand-alone
PRS report is included as an appendix to the GIRA along
with a monogenic risk report. The study is explicitly de-
signed to recruit individuals from groups who are histori-
cally medically underserved and/or under-represented in
research and seeks to address the ELSI issues associated
with PRS implementation.

eMERGE Network: Study decisions relevant to the
differential performance of PRSs

Before discussing the practical challenges faced by the
eMERGE Network, we outline the current understanding
of the performance of PRSs, as defined by the strength of
the association of a PRS with the outcome it is designed
to predict. The performance of a score typically drops off
in a continuous fashion with genetic distance between
the data on which a PRS was trained and the test data.'”
This drop-off in performance is believed to mostly be due
to differences in how the genetic variants associated with
a phenotype in a typical genome-wide association study
are correlated with the variants that have some kind of
causal impact on that phenotype.'* Although these causal
variants are mostly the same across our species, correlation
patterns, related to the phenomenon of linkage disequilib-
rium, are variable across human groups, as are allele fre-
quencies.'* Moreover, because PRSs rely on aggregating
the effect sizes of genotype-phenotype associations, their
performance is also sensitive to anything that can have
an impact on these effect sizes.'® PRS performance is, for
example, known to differ by demographic factors
including socioeconomic status, sex, and age.“’ Moreover,
many different PRSs have been produced for the same con-
dition, and their performance can differ substantially.'’

Decision 1: How should the groups used for validating PRS
performance be defined?

For a PRS to be considered for inclusion on a clinical report,
there must be evidence of its clinical validity for the corre-

sponding condition. This involves assessing how predic-
tive the PRS is for the incidence or prevalence of that con-
dition. A choice must be made regarding which groups to
use to validate a PRS’s performance. In the case of eMERGE,
validation cohorts were drawn from many sources (which
could differ by condition). These sources relied on different
ways of measuring group membership and used different
types of population labels. For example, the group label as-
signed to individuals in the validation cohorts could be
based on self-report, extraction from electronic health re-
cords, and/or analysis of genetic ancestry. Many of the
sources were from legacy datasets, which used pre-deter-
mined labels. Given this heterogeneity in labels used, the
choice was made to validate the performance of the scores
in as many as possible of four groups, designated by the
network as European, African, Hispanic, or Asian. This de-
cision—to amalgamate samples that began with different
types of labels and to focus on these four ambiguously
defined groups—was made in order to maximize the
amount of validation data available and to make compari-
sons across scores possible. The network discussed best
practices and methods to genetically define groups but
left it up to the leads for each condition to choose the
criteria by which individuals would be placed into each
of these four groups. This validation process ultimately
helped determine which conditions to return as part of
the study. Details of the scores selected and the data used
for validation are given in Lennon et al.'®

We acknowledge the limitations of this approach to data
harmonization. First, the groups chosen aggregated individ-
uals perceived to be similar based on determinations arising
from different approaches to measuring (self-identification,
genetic derivation) and from different population descrip-
tors (race, ethnicity, ancestry), descriptors that rely on very
different concepts of human difference.'” Combining these
different conceptualizations together contributes to the
conflation of genetically inferred categories with social iden-
tities.” Second, these four groups fail to account for the exten-
sive human genetic variation known to exist, leaving many
individuals (e.g., Native American, those with recent ances-
tors from several of these groups) not represented at all.

Decision 2: Use group-specific scores or the same score for
everyone?
For several reasons, the eMERGE Network decided at an
early stage not to use group-specific scores but to instead
use the same PRS for every individual. The use of group-
specific scores would have necessitated a process by which
each patient participant was assigned to one of the groups.
Input from the ELSI working group emphasized the limita-
tion noted above that there could be many individuals
who would not fit into any of the groups. The practical
complexities of developing many group-specific reports
also weighed in the decision."®

For each condition, a threshold above which an individual
would be identified as “high risk,” regardless of their group
membership, was chosen (this too varied by condition).®
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The odds ratio and associated confidence interval associated
with this threshold were determined separately in each of the
four groups for which there was sufficient data. For some
conditions, the network only had sufficient data for this vali-
dation for two or three of the four groups (which groups were
available for validation varied by condition).

To ensure a similar distribution of scores for individuals
in each validation group, the raw PRSs were calibrated us-
ing genetic principal components.'® It is important to
note that it is not possible to “calibrate away” the differen-
tial performance issue. The predictive performance of the
score could still differ between groups at any chosen
threshold. Rather, such calibration helps ensure that a
similar fraction of individuals in each group fall above a
given percentile threshold. This is helpful because it is
not generally believed that the differences in raw score dis-
tributions reflect underlying biology.*"

Decision 3: Include PRSs for which it was not possible to vali-
date in all the defined validation groups?

The network needed to make a decision on whether to
include PRSs for conditions that were not validated in all
four groups. Two of the ELSI projects independently con-
ducted interview studies with racially and ethnically
diverse participants and ascertained that prospective pa-
tients were not concerned about the lower predictive po-
wer of PRSs outside European-descent populations and
were comfortable receiving scores even if inaccurate for
their ancestry.®” These findings informed the decision to
include PRSs that were only validated in two or three of
the validation groups. The network wanted to ensure pa-
tient participants and their healthcare providers under-
stood which groups a score was validated in, and so both
the GIRA and PRS report indicate which of the validation
groups were used for a given score, and the explanation
that “information is insufficient or not available for popu-
lations of other descent.”

Decision 4: What terminology should be used to describe the
different validation groups?
Because the established validation groups included diffe-
rent ways of measuring human difference (i.e., self-re-
ported race or ethnicity or genetically inferred ancestry),
the network was uncertain about how best to describe
these groups to patient participants and their healthcare
providers (for example, in the informed consent document
and in the GIRA). The term “population” is often used in
scientific discourse. The usage of this term is often ambig-
uous, which may account for its popularity. While this
term is highly ambiguous in research settings, in common
parlance it is often less ambiguous, referring to people who
live in a particular area. The use of the term “population”
was hence deemed too confusing for communicating to
patient participants and their healthcare providers.

To assist the network in making a decision, the Mass Gen-
eral Brigham site consulted with a group called the Commu-
nity Coalition for Equity in Research, a Massachusetts-based

group that aims to “build community voice and consider-
ations for health equity into clinical research and
strengthen community-academic relationships” (https://
catalyst.harvard.edu/community-engagement/community-
coalition/).”! Based in large part on the input from this
group, we settled on the term “descent” to characterize
the groups. This term was believed to strike a balance be-
tween scientific accuracy and lay public understanding.
We note that the concept of “descent” is the highest-level
concept identified by the recent National Academies report
on the use of population descriptors in genetics and geno-
mics research: “The use of such descriptors as race, ethnicity,
or ancestry, however, focuses on ‘descent-associated’
groups—sets of individuals whose members are thought to
share some characteristic that derives from their common
origin.”'” While we feel that adoption of the “descent” lan-
guage was a suitable solution for our study, ideally a single
concept of human difference would have been used to
define the validation groups, and this could have been
referred to explicitly.

Decision 5: Communicate the differential performance be-
tween validation groups?
The next decision was whether to inform patient partici-
pants and their healthcare providers about the differential
performance of the PRSs revealed by validation. The ELSI
group provided input that each of two strategies consid-
ered were ethically defensible. The first strategy to inform
about the differential performance was supported by a gen-
eral argument for the benefits of transparency, as well as
the preferences of prospective patient participants, partic-
ularly for a study such as eMERGE, where one of the major
emphases is on enrolling research participants from histor-
ically underrepresented racial and ethnic groups. The sec-
ond strategy considered was to report an aggregate perfor-
mance, giving a range encompassing the lowest lower
range and the highest upper range of the confidence inter-
vals across the groups, for example, “a high polygenic risk
score is associated with 2—4 times increased risk for devel-
oping chronic kidney disease relative to a person not in
the high-risk category.” This second strategy would be
justified by the clinical recommendations being the same
regardless of which group(s) a patient might identify
with. This second strategy was also supported by the
same concerns identified above about the use of the valida-
tion groups, as well as the additional concern that the in-
clusion of all the information could be hard to adequately
communicate to patient participants and their healthcare
providers and/or could make the reports more unwieldy.
The network opted for a layered approach to communi-
cation on the reports to try to secure the advantages of
both strategies. On the GIRA, the most prominent infor-
mation is whether or not an individual was identified as
high risk for any of the conditions. The condition-specific
page then gives the overall odds ratio range (the second
strategy outlined above). The PRS report first indicates in
which conditions the individual was determined to be at
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A
This participant is at high risk for the following condition(s).

Risk Category: Polygenic Risk

Health Care Recommendations

Type2 *
Diabetes

Assess for symptoms such as polyuria and weight change.

e Biochemical screen with hemoglobin A1c or fasting glucose.

e Risk factor counseling: physical activity, body mass index, diet.

e Starting at 18 years, if elevated hbA1c or fasting glucose:

- Consider prescription of metformin up to 850 mg/ twice daily.

- Consider medical nutrition therapy consult.
_—

Polygenic Risk: High

A high polygenic risk score for type 2 diabetes was found in this individual. A high polygenic risk score is
associated with 2.6 to 6.9 times increased risk for developin
the high risk category. The data is based on populations of African, European, East Asian and

Hispanic/Latino descent. Information is insufficient or not available for populations of other descent.

pe 2 diabetes relative to a person not in

C Results Summary

In this patient the Polygenic Risk Score for the following condition(s) was determined to be HIGH*:

Type 2 Diabetes

*See detailed results for a description for how this risk was determined.

Detailed Results

This patient met the threshold for HIGH POLYGENIC RISK for the following condition(s):

............................................................

: 1. A high polygenic risk score for type 2 diabetes was found in this individual. A high polygenic risk score is associated with
1 2.6 to 6.9 times increased risk for developing type 2 diabetes relative to a person not in the high risk category. The data is

| based on populations of African, European, East Asian and Hispanic/Latino descent. Information is insufficient or not
 available for populations of other descent. Values within the top 2% of this polygenic risk score are associated with a 4.21

' OR in European populations at a 95% Cl [3.66-4.84], 2.55 OR for African populations at a 95% Cl [2.09-3.11), 4.58 OR for !
. Asian populations at a 95% Cl [4.00-5.23], and 6.87 OR for Hispanic/Latino populations at a 95% Cl [3.11, 15.15]. :
. Information is insufficient or not available for populations of other descent.

. 2. Factors including monogenic disease risk, family history, and other clinical measures can have an impact on the

" individuals overall (absolute) risk and should be considered.

. 3. This patient was tested as part of the Electronic Medical Records and Genomics (eMERGE) Genomic Risk Assessment
: and Management Study. The patient’s integrated Genome Informed Risk Assessment (GIRA) report will be generated which
: will incorporate the results from this report as well as family history and monogenic risk status, if available. :

............................................................

Figure 1.
(A) The summary of findings for type 2 diabetes on the GIRA.

The layered strategy adopted by the eMERGE Network to communicate PRS results, including differential performance

(B) Detailed results for the high PRS result for type 2 diabetes on the GIRA (see Linder et al.” for complete context for A and B).
(C) Summary and detailed results on the PRS report for high type 2 diabetes.

high risk, and the detailed results section gives both the
aggregate range, odds ratio, and confidence interval for
each group included in the validation (thus following the
first strategy outlined above). See Figure 1 for mock GIRA
and PRS reports illustrating this layered communication
strategy.

To aid the conversation between patient participant and
healthcare provider for the case where the patient partici-
pant identifies with none or multiple of the validation
groups, we included the following in a list of frequently
asked questions (FAQs) available to prospective patient
participants during recruitment: “If you do not identify

with one of the four groups, it is important to discuss
this with the study staff and your doctor. Using the overall
score, or results from groups you most closely identify with
may help you and your doctor make informed decisions
about your care.” Likewise, in the FAQs provided alongside
the GIRA, the following is included: “You may identify
with more than one, none, or all of the listed populations.
Across the different results you receive in your GIRA, some
may still be meaningful even if you don’t identify with the
populations mentioned. You should discuss all of the re-
sults you receive with your doctor. Your risk likely falls
within the range of risk presented in the report.”
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Decision 6: How should the differential performance of the
PRSs reported be explained?

Without an explanation as to why there is differential per-
formance of PRSs, inaccurate conclusions could be drawn
about, for example, different predispositions of groups to
the condition in question. The network developed lan-
guage to explain the differential performance, which was
then used in the informed consent process and on the
GIRA. The language in the limitations section of the latter
reads, “Genetic research studies need large numbers of par-
ticipants to understand how human DNA (or genes) con-
tributes to disease risk. When research studies have low
representation of some races, ethnicities, or ancestries
(populations of descent), there is less genetic information
available to understand risks for people in those groups.
The GIRA health risk report has been wvalidated (or
confirmed) in up to four populations: Asian descent,
African descent, European descent, or Hispanic/Latino
descent. The report will name the populations included in
the validation process. The estimate of risk may not be as ac-
curate for some conditions if the participant is from a pop-
ulation that was not included in the validation process.”

Discussion
An implementation study such as eMERGE encounters
many practical challenges, which will be faced in the rollout
of PRSs in other contexts. Our study also highlights the ELSI
implications of study-design decisions in reaction to some of
those challenges. Specifically, we described the repercussions
of analytical choices (in this case, at the validation stage) on
subsequent decisions regarding patient participant and
healthcare provider communication. We note that even if a
single concept of difference had informed PRS validation ef-
forts (e.g., by using inferred genetic ancestry to differentiate
groups), we would still have faced many of the same ques-
tions about how to describe groups as well as how best to
communicate and explain differential performance. Use of
absolute risk models does not mitigate these challenges,
and indeed introduces additional complexities because
analytical choices beyond the use of PRSs can potentially
affect the accuracy of absolute risk estimates across groups.
The end result of the decisions we made were consent pro-
cesses, reports, and supporting materials (e.g., FAQs) that
included a lot of complexity. This places a burden on inves-
tigators who are attempting to communicate the value prop-
osition of the research and on patient participants and
healthcare providers to understand the results, particularly
among those who might identify with multiple or none of
the validation groups. Not all healthcare providers may feel
equipped to help navigate these issues with their patients.”
This highlights the need for healthcare provider education;
the eMERGE Network is making all the materials we have
developed to aid in education efforts publicly available.**
The network will be assessing both participant and health-
care provider reactions to results disclosure via surveys and
by interviews with healthcare providers at some sites.

The issue of PRS differential performance is most often
couched in terms of differing predictive performance
across continental genetic ancestry categories.' As dis-
cussed above, this is an oversimplification. First, because
predictive performance falls off in a continuous fashion
with measures of genetic similarity. Ideally performance
would be assessed in a way that reflected the continuous
nature of genetic variation whereby an individual’s loca-
tion in genetic similarity space—and not their member-
ship in a genetically inferred group—would be used to
give risk information. And second, because other, non-ge-
netic dimensions of difference affect predictive perfor-
mance. A future challenge for the reporting of PRSs will
be to identify ways to reflect this more accurate picture.
What this would look like remains to be determined.

The field of biomedicine is struggling with questions
about how race and ethnicity should be incorporated
into clinical tests and decisions.>® There is a widespread
acknowledgment that there is much at stake because of
the ways existing practices and policies further health in-
equities and how they can contribute to racialized
thinking. Genetic ancestry is often heralded as part of
the solution to the problematic uses of race in biomedi-
cine.”**> But as our case study shows, there are also
many challenges if genetic ancestry is framed as a
key concept of difference. Not least of these is the
empirical observation that both patients and healthcare
providers conflate continental ancestry categories with
racial categories.”

As the experiences of the eMERGE Network suggest,
those who choose to report PRSs to research participants
or patients face numerous challenges. Currently, there is
a paucity of guidance for developers of PRS reports. The
recent National Academies report on the use of population
descriptors in genomics research explicitly excluded from
their scope challenges associated with both data harmoni-
zation and clinical implementation.'’ They also gave min-
imal guidance around choice of language, stating that re-
searchers should “choose wording that transparently
reflects the analytical steps taken.” In giving recommenda-
tions for which concept of difference to use for respective
use cases, the report did not address the use case of vali-
dating PRSs. These were some of the issues that we strug-
gled with most, and further guidance in these areas would
be helpful. We stress that such guidance would be no sub-
stitute for sustained interdisciplinary discussion and com-
munity engagement, which should be incorporated at the
earliest stages of any new study design.

Finally, we note that the concept of equity drawn upon
here to highlight the concern about the differential perfor-
mance of PRSs is a very narrow one. There are many other fac-
tors that will contribute to differences in health outcomes,
including who has access to PRS reports and who has access
to the recommended clinical actions if identified as at high
risk. Attention to these factors will be vital for future work.

ELSI research and expertise were intended to inform the
design of our study. Indeed, we believe that different
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methodological decisions could have been made in reac-
tion to these complicated implementation problems in
the absence of the embedded ELSI approach. Nevertheless,
even the opportunity for the network to hear from pro-
spective participants and healthcare providers, as well as
to draw upon ELSI reflection and expertise, did not fully
address all ethical complexities. This case study demon-
strates both the strengths and also some of the limitations
of the embedded ELSI approach.?®

The researchers involved in the eMERGE Network had
the opportunity to recognize and reflect on the numerous
decisions needed around the differential performance of
PRSs. We hope these reflections can help future projects
take an anticipatory approach to these and related issues.
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