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Summary

The Electronic Medical Records and Genomics (eMERGE) Network developed and implemented a genome-informed risk assessment
(GIRA) to communicate genomic (polygenic risk scores [PRSs], integrated risk scores [IRSs], and monogenic results), clinical, and family
history-based risk for 11 chronic diseases and provide recommended healthcare recommendations. GIRA reports have now been re-
turned to 23,840 participants and their providers in a large prospective cohort study. We present here the study design and analysis
framework for assessing the attributable impact of GIRA return. Pre-specified outcomes include (1) provider/participant adoption of
recommended healthcare actions, (2) new diagnosis of disease, (3) treatment initiation/intensification, and (4) clinical outcomes (sur-
rogate markers or clinical events). We assess outcomes in high risk vs. not-high-risk participants, adjusting for covariates. We evaluate
the effect of PRS/IRS at pre-established high-risk thresholds using regression discontinuity (RD), a quasi-experimental method that
mimics randomization near a cutoff, enabling estimation of causal effects and controlling for unobserved confounders. Monogenic
and family history-based risk stratification are analyzed using logistic regression. With 23,840 participants and 12 months of
follow-up, the study is powered to detect differences of 2%-11% with 80% power (e« = 0.05 in the adoption outcome). Longer
follow-up will be required to enable assessment of new disease diagnosis, treatment changes, and clinical outcomes. Through innova-
tive RD analyses and defined outcomes and comparison groups, this study will provide new insights into the real-world clinical impact
of genomic risk assessment, address critical evidence gaps, advance understanding of genomic medicine outcomes, and inform future
research.

Introduction counting for over 90% of the $4.5 trillion annual health-
care costs."> Most of this spending is directed toward

Chronic diseases such as diabetes, heart disease, kidney treating rather than preventing disease, with less than

disease, and cancer are the leading causes of morbidity 3% devoted to public health and prevention.”

and mortality in the United States: 60% of adults and Although the deployment of genomics in the diagnosis

30% of children have at least one chronic disease, ac- and treatment of diseases is increasing, its greatest
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potential may lie in preventing, delaying, or attenuating
disease. Foundational developments in genomics technol-
ogy and research have propelled our understanding of the
genomic basis of chronic diseases. Recently, statistical
methodological advances have leveraged genome-wide as-
sociation studies (GWASs) to create polygenic risk scores
(PRSs) that aggregate the effects of many common genetic
risk variants to estimate the genetic component of an in-
dividual’s risk of developing a disease or an extreme dis-
ease-associated endophenotype such as LDL choles-
terol.””®* The confluence of these developments creates
an opportunity to integrate the power of genomics with
a participant’s personal and family health history
(FHHXx) to identify individuals at the highest risk of disease
who could benefit from preventive actions. However,
there is limited evidence of the impact of returning
genomic risk assessments that include PRS, rare high-ef-
fect-size monogenic variants, and FHHx with clinical
risk factors in clinical care. Clinical genomics is thus at a
crossroads with regard to risk prediction, evidence gener-
ation, and implementation policies.

There are three key challenges. First is the tension be-
tween methodological rigor and practical feasibility.
Although large, prospective randomized controlled trials
(RCTs) are considered the gold standard, conducting
RCTs of genomic screening for prevention of a disease is
inherently difficult due to the relatively low absolute
risk of most diseases in the general population. Selecting
appropriate controls—such as those not receiving any
risk assessment, usual care, or family history-based risk
assessment—further complicates study design. Embarking
on an assessment for multiple diseases can be even more
challenging. In contrast, cohort studies, while more
feasible and less expensive, have inherent limitations
when used to inform practice guidelines, particularly in
a broad population. The key objective is obtaining an un-

biased estimate of the effect of providing genomic risk in-
formation to participants and their providers, and that re-
quires definition of case and appropriate control groups.
Many observational studies lack sufficient clinical infor-
mation to adjust for potential confounders, and those
that do remain vulnerable to confounding from unob-
served variables. There is an opportunity to design pro-
spective cohort studies to address these limitations by
leveraging key properties of PRSs. One promising quasi-
experimental approach taking advantage of the fact that
PRS is a continuous variable is known as regression discon-
tinuity (RD), which examines outcomes in individuals
above and below a predefined risk threshold, approxi-
mating randomization.’

The second challenge is that genomic risk prediction is
rapidly evolving due to improved sequencing technolo-
gies, use of larger datasets, and increasingly robust ana-
lytic methods. While these advances enhance predictive
performance, they present a challenge for evidence gener-
ation for a given intervention. A comprehensive approach
in which risk-prediction tools are developed, validated,
and implemented within a single study can help ensure
that predictions reflect current best practices and are vali-
dated in the study population.

The third challenge is the selection of study outcomes in
prevention trials. Definitive outcomes such as disease
onset may occur many years or decades beyond risk assess-
ment and preventive care. Therefore, it is important to
both (1) measure clinical actions that are evidence based
and have been shown to improve participant outcomes
in other settings, and (2) pre-specify key healthcare ac-
tions and outcomes to avoid spurious findings. While it
is expected that participants deemed high risk will receive
more recommended healthcare actions than those not at
high risk, the magnitude of the effect is unknown. Thus,
a key goal is to estimate the effect size, specifically to
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what degree healthcare providers and participants modify
their behaviors to enhance prevention.

The purpose of this manuscript is to describe the study
design and statistical analysis framework for evaluating
the clinical implementation of a genome-informed risk
assessment (GIRA) within the Electronic Medical Records
and Genomics (eMERGE) study, with particular emphasis
on PRSs. We propose a feasible, rigorous approach to esti-
mate the impact of returning integrated genomic risk in-
formation on (1) adoption of pre-specified recommenda-
tions, (2) diagnosis of disease, (3) escalation of clinical
care, and (4) clinical outcomes.

Subjects and methods

Overall approach

The eMERGE IV study aims to develop, validate, and evaluate the
impact of integrating a GIRA into clinical care to support the pre-
vention of chronic diseases (Figure 1).''! Participant recruit-
ment processes, sample collection and genomic risk assessment
have been previously described and are summarized below.'!!

We developed and validated a PRS for 10 common, chronic dis-
eases relevant to adults and children: asthma,'? atrial fibrillation
(Afib), breast cancer (BCa),'® chronic kidney disease (CKD),'* cor-
onary heart disease (CHD),"'® hypercholesterolemia (HC), obesity,
prostate cancer (PCa),'® type 1 diabetes (T1D),'” and type 2 dia-
betes (T2D).'® Monogenic risk (but not PRS) for colorectal cancer
(CRC) was also included.'® For BCa, we developed an integrated
risk score (IRS) based on the Breast and Ovarian Analysis of Dis-
ease Incidence and Carrier Estimation Algorithm (BOADICEA) al-
gorithm'? incorporating PRS, monogenic risk, personal history
(including lifestyle and reproductive history), and FHHx.

We then compiled genomic risk (PRS, IRS, and monogenic re-
sults) with FHHx and clinical risk factors into a GIRA report to
communicate results to participants and their healthcare providers.
Importantly, the GIRA report included recommended healthcare
actions for participants at high risk based on professional society
guidelines and/or expert consensus.’’ These recommendations
included additional testing, earlier screening, lifestyle changes,
and treatment initiation or intensification. Follow-up commenced
at the time of GIRA upload to the electronic health record (EHR).

Analyses will compare outcomes among participants receiving
high risk vs. not-high-risk GIRA. Outcomes assessed include pre-
specified provider and participant actions, new diagnosis of disease,
treatment initiation or intensification, and clinical outcomes such
as risk factor control (e.g., LDL, BMI, hemoglobin Alc [HbAlc]) and
clinical events (e.g., cardioembolic event, exacerbation).

The eMERGE IV study was approved by a central institutional
review board at Vanderbilt University Medical Center
(#211043) and acknowledged by the local institutional review
boards under reliance agreements. Informed consent was
required from all enrolled participants.

Participants

Eligible participants were able to read or understand English or
Spanish, were willing to receive genomic risk results, and had a
healthcare provider at their recruitment site able to receive results.
Participants who were unable to provide consent (adults only),
had a history of transfusion (within 8 weeks) or transplant (solid
organ or bone marrow), were unable to identify a healthcare pro-

vider at their recruitment site, or were not receiving care at the
parent institution were excluded from the study. eMERGE inves-
tigators and research staff were also excluded. Each site imple-
mented outreach, engagement, and recruitment approaches to
their local clinical care workflows and developed site recruitment
goals (Table S1) based on the participant populations served, to
ensure broad inclusion and representation of participants.

Participant samples were analyzed at the Broad Institute Clin-
ical Services Laboratory (adult and pediatric participants) for
polygenic risk assessment and Invitae (now part of Labcorp)
(adults only) for monogenic testing. For adult participants, PRSs
were generated for Afib, CKD, CHD, HC, obesity, PCa, and T2D,
and IRS was generated for BCa. For pediatric participants, PRSs
were generated for asthma, obesity, T1D, and T2D. For adult par-
ticipants, we sequenced and reported pathogenic or likely patho-
genic (P/LP) variants in 16 genes (Table 1) to complement the
PRS/IRS assessment for the following conditions: Afib, BCa,
CHD, HC, PCa, and CRC."

The GIRA report is a participant-facing summary that presents
categorical genomic risk results together with contextual family his-
tory and selected clinical risk factors (Table 1). Genomic risk was as-
sessed using PRSs, IRS (for BCa), and monogenic findings. For each
condition, PRS or IRS thresholds for a high-risk designation were
selected to correspond to a clinically meaningful level of risk,
such as a positive family history or an odds ratio >2. The GIRA
report presented categorical risk status (high versus not high).'%' "1

Monogenic risk was incorporated for six chronic diseases for
which P/LP variants in 16 disease-associated genes were reported.
Family health history was displayed on all GIRA reports as a
contextual risk factor accompanied by a pedigree when available.
A positive FHHx resulted in a high-risk GIRA designation for four
conditions: Afib, PCa, CHD, and CKD. Clinical risk factors were
included as contextual information for five conditions (asthma,
CKD, HC, obesity, and T2D) and were displayed as laboratory
values, blood pressure measurements, and International Classifi-
cation of Diseases (ICD) codes representing known diagnoses.
Clinical risk factors alone did not trigger a high-risk GIRA desig-
nation. In this issue, Lawson et al. present the prevalence of
high-risk triggers in participants receiving GIRA.?!

Clinical data were used in the calculation of absolute risk for
two conditions: the IRS (BOADICEA)'? for BCa and the pooled
cohort equations (PCEs) for CHD.?* Although these models
incorporate clinical variables (and PRS in the case of the IRS for
BCa), only the resulting categorical risk designation was dis-
played on the GIRA report.

Reports for participants identified as high risk by GIRA included
healthcare recommendations aimed at risk reduction. Participants
who received GIRA reports without a high-risk designation did
not receive healthcare recommendations. Recommendations for
participants with monogenic or FHHx-based risk were informed
by established clinical practice guidelines.”*~>> Recommendations
for participants with elevated PRS/IRS were developed by the inves-
tigative team through an iterative process with input from clinical
experts and have been described previously.'®

Return of GIRA reports

All participants received their reports. Reports were returned to
participants by mail, health portal, or in person and shared
with providers via the institutional EHR. Those identified as
high risk based on PRS/IRS and/or monogenic findings (but not
FHHXx) were invited to review results with a genetic counselor,
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emerge network

ELECTRONIC MEDICAL RECORDS & GENOMICS

23,849 (19,544 adults, 4,305 pediatrics) participants

Genome informed Risk Assessment (GIRA) presented
Genomic Risk (polygenic risk score and P/LP variants in risk
genes) Clinical Data, Family Health History (FHHXx),

GIRA returned to EHR (time=0)

High Risk GIRA Not-high Risk GIRA

High Genomic Risk High FHHXx Risk

l l A fib, CKD, CHD, PCa

High PRS P/LP
or IRS variants

Asthma, A fib, A fib, CHD, CRC,
BCa, CKD, CHD,  HChol, PCa GIRA does not
HChol, Obesity, recommend

PCa, T1D, T2D changes to
usual care

GIRA recommends health care action

Outcomes Compare High Risk vs. not-High Risk

Provider & Participant Difference in Provider order of health care action

Action Difference in Participant completion of health care action
New Diagnoses Difference in diagnosis of incident disease
Subsequent New Difference in treatment or diagnostic intensification or
Treatment treatment initiation

Difference in risk factor control (e.g. HChol, BMI, HbA1C)
Clinical Outcomes Difference in clinical events (e.g. cardioembolic event,
exacerbation, etc.)

Figure 1. Overall study design of the eMERGE IV cohort, including participant enrollment, return of GIRA reports, follow-up,
and cross-condition and condition-specific analyses

Clinical data, family health history (FHHx), survey data, monogenic risk, and polygenic risk are collected and combined to create the
GIRA report. Participants identified as having high genomic risk receive in-person return of results. Participants with high risk based on
family health history (FHHx) alone, or those with a not-high-risk GIRA, received results through the electronic health record (EHR),
patient portal, or mail. The GIRA includes recommended healthcare actions for primary-care providers. Patient and provider adoption
of healthcare recommendations will be collected and assessed over a 6- to 12-month follow-up period. New diagnosis of incident dis-
ease, treatment initiation or intensification, and clinical outcomes will be collected and assessed over a longer follow-up period (up to
5 years). A fib, atrial fibrillation; BCa, breast cancer; CKD, chronic kidney disease; CRC, colorectal cancer; CHD, coronary heart disease;
HChol, hypercholesterolemia; PCa, prostate cancer; T1D, type 1 diabetes; T2D, type 2 diabetes; IS, integrated score used to calculate
BCa risk based on the Breast and Ovarian Analysis of Disease Incidence and Carrier Estimation Algorithm (BOADICEA); P/LP, patho-
genic/likely pathogenic; EHR, electronic medical record; BMI, body mass index; HbA1C, hemoglobin A1C.
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Table 1.

Triggers designating high-risk status for chronic conditions in the eMERGE IV study

Expected % with

Condition high PRS

Expected % with P/LP variant (genes)

Expected % with FHHXx criteria

Asthma 5% -

Atrial fibrillation 3% 0.05% (LMNA)

5% (Afib in parents at age <75 years)

9.0% (first degree)

0.54% (EPCAM, MLH1, MSH2, MSH6, PMS2, STK11, PTEN, TP53) -

9.8% (first degree)

0.89% (APOB, LDLR, PCSK9, LDLRAPT) -

9.4% (first degree)

CKD 2% -

CRC -

CHD 5% 0.89% (APOB, LDLR, PCSK9, LDLRAPI)

HC 3%

Obesity 3% -

PCa 10% 1.69% (BRCA1, BRCA2, EPCAM, MLH1, MSH2, MSH6, PMS2)
T1D 3% -

T2D 2% -

BCa® 3% females expected to have an Integrated Score (BOADICEA) >25%

The 10-year risk of CHD based on PCEs does not trigger CHD risk reporting; it is provided as a supplemental piece of information.

P/LP, pathogenic/likely pathogenic; FHHx, family health history.

@BCa risk is returned as an integrated score based on the Breast and Ovarian Analysis of Disease Incidence and Carrier Estimation Algorithm (BOADICEA), which
includes P/LP variants (BRCAT, BRCA2, PALB2, PTEN, TP53, STK1T1) + PRS + personal history + FHHx + reproductive Hx + others.

pharmacist, study physician, or trained study staff member by
phone, in person, or virtually. In this issue, Lawson et al. describe
the GIRA return and factors associated with return of results by
genetic counselor, pharmacist, study physician, or trained study
staff member by phone, in person, or virtually.?’

Results

Outcomes for all conditions are presented in Table 2, and
include (1) pre-specified provider orders and participant
adoption of recommended clinical actions, (2) new diag-
nosis of disease, (3) initiation or intensification of a diag-
nostic workup or treatment, and (4) differences in clinical
outcomes as assessed by surrogate markers (e.g., HbAlc) or
clinical events (e.g., exacerbations, stroke, MI).

Timeline for outcome assessment

The impact of GIRA return on adoption of recommended
healthcare action by providers and participants will be as-
sessed at 6 and 12 months. The impact of GIRA on new
diagnosis, escalation of care, and clinical outcomes will
be assessed over a S-year follow-up period.

Data sources

A key goal of the eMERGE IV study was to streamline
outcome assessment using the EHR.”**® EHR-based out-
comes were measurable for the conditions; the key outcome
for PCa was informed decision-making between the pro-
vider and participant, which was captured in a participant
survey, described below. A pre-specified list of desired labo-
ratory values was created by investigators and extracted
from the EHR using Logical Observation Identifiers Names
and Codes (LOINC) codes. Drug orders were identified using
a pre-specified list of RxNorm codes for key drugs. All ICD

and CPT codes were collected for each participant. Visit
data for participants included four numerical codes for visit
type (inpatient, outpatient, emergency, or other) using the
Observational Medical Outcomes Partnership (OMOP) stan-
dard concept IDs. Physician orders for laboratory tests and
procedures were collected at each site by manually
compiling a list of key orders. While all ICD and CPT codes
were collected, the data collection for meds, labs, and visits
was limited to the period 2017 to the present.

To complement the EHR-based outcomes and collect
participant-centered outcomes, we developed a pre-return
participant survey and a post-return survey that was de-
ployed 6 months after GIRA return. The pre-return survey
captured information across several domains, including
demographics, lifestyle and environmental factors, insur-
ance status, and social determinants of health (Table S2).
FHHXx was self-reported using either MeTree”” or an abbre-
viated survey that documented relevant conditions
among first- and second-degree relatives. The post-return
survey assessed additional domains including the return
experience, healthcare actions taken, genomic knowl-
edge, emotional responses, and perceived risk. A specific
question about provider-participant informed decision-
making for high-risk PCa finding was also included. A
6-month survey was selected to balance participant recall
with sufficient follow-up to capture recommended actions
and participant perceptions.

Analysis framework

To evaluate the impact of different types of risk informa-
tion we will conduct stratified analyses based on the
type of risk (PRS/IRS, monogenic, or FHHx) identified in
the GIRA report. Figure 2 presents the overall framework
for each analysis: the composition and estimated propor-
tions of groups classified as high risk and not high risk and
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Table 2.

intensification of a diagnostic or treatment, and clinical outcomes

Outcomes for all conditions including adoption of pre-specified recommendations, diagnosis of disease, initiation or

Pre-specified
recommended

Provider (participant)

Care intensification or

Condition healthcare action action New diagnoses initiation Clinical outcomes
Asthma risk assessment visit ordered (completed) visit asthma albuterol/daily inhaler reduce asthma exacerbations
Afib ECG ordered (completed) ECG AF proc: cardioversion, reduce AF hospitalization,
ablation, pacemaker cardioembolic event, stroke
Rx: antiarrhythmics,
anticoagulants
BCa breast MRI ordered (completed) BCa proc: prophylactic earlier detection of BCa
breast MRI mastectomy allowing preemptive
Rx: tamoxifen, prevention
raloxifene, etc.
CKD urine protein or ordered (completed) CKD Rx: ACEI/ARB, SGLT2 maintenance of eGFR
UACR, SCR lab test blocker, discontinue
NSAID
CRC colon screening (e.g., ordered (completed) CRC proc: flexible sigmoid, earlier detection of CRC
colonoscopy, FIT test)  screening scope, barium enema allowing preemptive
prevention
CHD lipid profile, imaging ordered (completed) lipid CHD, CHD risk  Rx: lipid-lowering, LDL-C levels, angina,
(coronary calcium CT,  profile or imaging reclassification anti-platelet or anti- M1, stroke
carotid ultrasound) hypertensive drugs
HC lipid profile ordered (completed) lipid HC Rx: lipid-lowering LDL-C levels, angina,
profile agent MI, stroke
Obesity referral (weight loss or ~ ordered (completed) referral ~ obesity proc: gastric surgery reduce BMI, weight loss
nutrition consultation) Rx: GLP-1 agonists,
other weight-loss meds
PCa shared decision- ordered (completed) PSA test PCa proc: prostatectomy earlier detection of PCa
making,” PSA test PSA test frequency allowing preemptive
prevention
T1D autoantibody test ordered (completed) T1D Rx: insulin, teplizumab normoglycemia, lower
autoantibody test HgAlC
T2D HgbAlc test ordered (completed) T2D Rx: metformin normoglycemia, lower
HgbAlc test prediabetes HgA1C

Rx, prescription; proc, procedures. ECG, electrocardiogram; UACR, albumin-creatinine ratio; SCR, serum creatinine; GFR, glomerular filtration rate; NSAID, non-
steroidal anti-inflammatory drug; CT, computed tomography; PSA, prostate-specific antigen; HbA1c, hemoglobin Alc; AF, atrial fibrillation; BCa, breast cancer;
CKD, chronic kidney disease; CRC, colorectal cancer; CHD, coronary heart disease; HC, hypercholesterolemia; MI, myocardial infarction; PCa, prostate cancer;

T1D, typel diabetes; T2D, type 2 diabetes).
?Shared decision-making evaluated at 6 months only.

the planned statistical approach. Within each analysis we
will access the outcome categories noted above. We pro-
vide the definition of high risk for each of the proposed
analyses.

1. Proposed analysis 1: PRS or IRS above the pre-estab-
lished cutoff for 10 conditions (asthma, Afib, BCa,
CKD, CHD, HC, obesity, PCa, T1D, T2D). Partici-
pants receiving high-risk PRS/IRS form the interven-
tion group and those receiving not high risk below
form the comparator group.

2. Proposed analysis 2: PRS or IRS above the pre-estab-
lished cutoff and/or any monogenic risk for five
conditions (Afib, CHD, HC, CRC, PCa). Participants
receiving high-risk PRS/IRS or P/LP variants are the
intervention group and those receiving not high
risk form the comparator group.

3. Proposed analysis 3: PRS or IRS above the pre-estab-
lished cutoff, and/or any monogenic risk, and/or

FHHx risk for four conditions (Afib, CHD, CKD,
PCa). Participants receiving high-risk PRS/IRS or
P/LP variants or FHHx risk for the four conditions
form the intervention group and those receiving
not high risk form the comparator group.

Proposed analysis 1: PRS/IRS for 10 conditions
The return of high-risk PRS/IRS information, assigned at
clearly defined thresholds using a continuous risk score,
enables a pseudo-randomized experiment using a RD
analysis to account for unobserved confounders while
making it possible to potentially infer causality without
randomization.” To isolate the attributable impact of
risk information in the GIRA, we will utilize control
groups selected from the non-high-risk population and
the RD as our analytic approach.

We will use RD analysis to evaluate the effect of classi-
fying and communicating high-risk status plus healthcare
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*Breast Cancer — P/LP variants and FHHx are incorporated into the integrated risk score (IRS)

# FFHx triggers high risk for Afib, CKD, CHD, PCa.

**Colorectal cancer assessment was based on P/LP variants alone

Figure 2. Proposed analysis framework and expected distribution of high-risk and not-high-risk groups
GIRA, genome-informed risk assessment; FHHx, family health history; PRS, polygenic risk score; P/LP, pathogenic/likely pathogenic.

recommendations (i.e., the intervention) on provider and
participant adoption of the healthcare recommendations,
leveraging the pseudo-randomized design to control un-
observed confounders. Participants may have PRS/IRS
and recommendation adoption rates for multiple diseases;
therefore, each disease will be analyzed separately. For
each condition, the comparator group will consist of indi-
viduals with PRS/IRS below the risk threshold who did not
receive recommendations. The differences in adoption of
healthcare recommendations will be assessed using a
generalized linear mixed model (GLMM). To apply RD

analyses to these GLMMs, the PRS for each disease will
be centered at its high-risk (HR) threshold and take the
general form of

Model 1: u(y;) = B+ By (PRS; — ;) + By (HR)) + B(S),

where y; is the primary outcome (adoption) for the i
disease; u(y;) is the mean function of y;; PRS; is the PRS for
the ™ disease; ¢;is the PRS (RD) threshold for the /™ disease;
Bp is the regression coefficient for the partial relationship of
PRS toy; HR;is a dummy-coded variable where O represents
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Recruitment and Return of Results

23,840 GIRA returned

Adults

Enrolled (Consented+sample)

Monogenic assessment (Invitae)

PRS assessment (Broad)

Genomic Risk
Assessment

Genome Informed Risk
Assessment (GIRA) Reports

Pediatrics

Figure 3. Recruitment and return of
results for eMERGE IV participants
PRS, polygenic risk score; IRS, integrated
risk score used to calculate BCa risk based
on the Breast and Ovarian Analysis of Dis-
ease Incidence and Carrier Estimation
Algorithm (BOADICEA); P/LP, patho-
genic/likely pathogenic; FHHx, family
health history.

pendency due to participants nested
in states/sites to be small. We will
calculate the intra-class correlation
(ICC) to assess the amount of depen-
dency. If the ICC is small, we will
consider modeling state/site as a fixed
effect, which would reduce model 1 to
a logistic regression model.

Adults with High PRS +IRS*: 22-24%
Adults with High PRS + P/LP: 24-26%
Adults with High PRS # P/LP + FHHXx: 35-40%

Distribution of
genomic risk

not-high-risk (nHR) classification and 1 represents high
risk classification for the j disease; py is the regression co-
efficient for the partial relationship of risk classification toy
and represents the adjusted difference between high risk
and not high risk at the PRS threshold for all diseases,
which is our primary result of interest; S is a set of coding
vectors that represent the site membership (choice of refer-
ence site is arbitrary); ps is a set regression coefficients rep-
resenting how y differs by network site; and finally, because
the PRS is centered, By is the model intercept, which repre-
sents the adjusted adoption rate for not high risk at the PRS
threshold for the reference site.

Given that the GIRA report only displays risk classifica-
tion (high or not high) but not the quantitative PRS value
itself, we anticipate fp to be virtually zero for both the
high-risk and not-high-risk group and, therefore, assume
that the adoption(y)-PRS relationship is linear. However,
we will investigate potential non-linearity with graphical
methods, and, if necessary, perform models with polyno-
mial or piecewise (spline) terms. We assume that the fp
regression slope will be the same for either risk classifica-
tion. We will fit HR x PRS interaction terms to investigate
differences in the Bp regression slopes across risk status.

We expect PRS distribution to be similar across the 10
sites from nine states and that site will be independent (un-
correlated) from the risk result (PRS/IRS, monogenic risk,
and FHHXx) of any disease. We will model sites as a random
effect to account for dependency within sites. Because par-
ticipants will not know their PRS value and are unlikely to
communicate health care action adoption status, we antic-
ipate adoption rates to be similar across sites and the de-

Proposed analyses 2 and 3: PRS/
IRS and/or monogenic risk
information for five conditions
and combined genomic and/or
FHHx risk for four conditions

For the five conditions (Afib, BCa,
CRC, CHD, HC, PCa) for which
monogenic risk was also assessed and for the four condi-
tions (Afib, CHD, CKD, PCa) for which a positive FHHx
also denoted high risk, we will conduct modified RD ana-
lyses (covariate adjusted models). Because subjects are re-
classified from the not-high-risk (reference) group to a
genomic risk group or combined genomic *+ FHHx risk
group, the correlation between PRS and the dummy-
coded variable representing group status will not be the
same as the correlation expected in RD analyses. However,
the PRS score will still be correlated with the comparison
group status and will be used as a covariate in a regression
model. We will also compare the not-high-risk group to
the genomic risk group or combined genomic + FHHx
risk group on a full set of demographic variables to
examine whether any of these variables show statistically
significant or “substantial” between-group differences and
should be included as covariates in the model.

We will examine the distribution of demographic (e.g.,
age, gender, race/ethnicity) and other background vari-
ables (e.g., disease burden, FHHx) across the high-risk
and not-high-risk groups to assess potential confounding
factors. If substantial group differences are found, these
variables will be added as covariates for each of the above
analyses.

The EMERGE IV cohort

The eMERGE cohort has recruited and returned GIRA to
23,840 participants (Figure 3; 19,585 adults and 4,255
children), with a robust representation of racial and
ethnic minority groups (48%) and medically underserved
populations. In this issue, Lawson et al. describe the
eMERGE cohort receiving GIRA reports.”’ Participants

Pediatrics
with High
PRS: 13-15%
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to date have accrued approximately 12 months of follow-
up. Given the planned interval of analysis, sample size,
and heterogeneity of recommendations and outcomes
across multiple conditions, the category of “provider ac-
tion” based on recommendations and “participant receipt
of recommended” actions across all conditions were
selected as the initial key study outcomes. To avoid multi-
ple hypothesis testing given the multiple potential recom-
mendations for several conditions, one or two key clinical
recommendations (Table 2) were identified for each
condition.

Expected risk distribution and effect size to achieve
80% power at a = 0.05 and 0.01

Effect-size calculations were based on the eMERGE IV
cohort sample size, and the proportion of participants ex-
pected a priori to receive high-risk GIRAs. As genomic risk
assessment is not routine in most primary-care clinical
practice, the frequency of recommended actions observed
in clinical practice informed the proportion of not-high-
risk participants expected to receive the recommended ac-
tion (e.g., laboratory test, imaging order etc.). Based on
observed adoption rates in the not-high-risk group (pnur)
in routine clinical care, we present the detectable differ-
ences in proportions (pp) that would need to be observed
in the HR group to obtain 80% statistical power at
a=0.05 and 0.01.

The RD design creates a collinearity between the PRS
covariate and the variables of interest (high risk). The ex-
pected correlation between high risk and PRS can be
determined from the RD/PRS threshold,’” and, assuming
that the PRS will be normally distributed, we calculated
the correlation as a function of truncated Gaussian distribu-
tions.*"** Because model (1) contains the high-risk variable
of interest and the correlated covariate (PRS), calculations
were completed using SAS PROC POWER with the
LOGISTIC statement and its various options to obtain
detectable odds ratios (ORs), which were then transformed
into absolute detectable differences in proportions (pp). As
providers and participants, both high risk and not high risk,
only know their status as high or not-high-risk categories—
and not their exact PRS or percentile risk—we anticipate the
regression slope to be virtually zero. We also assume the site
is virtually unrelated to the adoption outcome (i.e., low
ICC) and to PRS and high risk (i.e., low collinearity). For
the genomic risk group or combined genomic + FHHx
risk group vs. those without these risks’ analyses, a modifi-
cation to the RD correlation formula was used to estimate
the expected collinearity in the RD analyses.

Figure 4 presents the effect-size differences that the
eMERGE 1V study is powered to detect. These graphs
show detectable differences in the adoption of key recom-
mendations to achieve 80% power at « = 0.05 or 0.01.
Additionally, effect sizes are presented assuming 100%,
80%, and 60% participant follow-up completion. For
asthma, obesity, and T1D and T2D, we present effect sizes
based on estimates for both adult and pediatric cohorts to

allow for varying adoption rates (Figure 5). We present the
effect-size differences the eMERGE IV study is powered to
detect for analyses 1, 2, and 3 assuming 100%, 80%, and
60% participant follow-up completion, respectively
(Tables S3, S4, and S5). Based on preliminary analyses,
we expect to be able to detect 2%-11% differences in adop-
tion with 80% power at o = 0.05 and 3%-14% at a = 0.01.

Discussion

Genomic medicine is increasingly recognized for its
potential to transform disease prevention and manage-
ment, particularly through improved risk stratification.
Screening for relatively rare monogenic variants in disease
genes has demonstrated clinical utility in identifying indi-
viduals at elevated risk for actionable conditions. How-
ever, this approach inherently benefits only a small pro-
portion of the population, typically 1%-5%. While
disclosure of such results often leads to meaningful uptake
of evidence-based, risk-reducing interventions, a substan-
tial number of at-risk individuals remain undetected
through routine clinical care.”®***~* In contrast, PRSs
offer the ability to stratify risk across a much broader
segment of the population, up to 25%-30%, by assessing
aggregate genetic risk for common chronic diseases. Un-
like monogenic conditions, where variant pathogenicity,
penetrance, and clinical actionability are relatively well
established, PRS-based risk stratification provides a more
probabilistic and nuanced estimate of disease susceptibil-
ity. To this end, our prior work defined actionability
thresholds and expert-guided recommendations for those
at high risk.'%'!*37 Central questions that now arise,
and will be addressed by the eMERGE IV study, include
whether PRS can be assessed and used to stratify partici-
pants' risk status for multiple chronic conditions, whether
PRS information along with other types of risk informa-
tion be effectively integrated into clinical care workflows
alongside recommended health care actions, whether pro-
viders and participants will adopt these recommenda-
tions, and whether such adoption will lead to improved
clinical outcomes across multiple chronic diseases.

To address these questions, the eMERGE IV study was
designed to evaluate the impact of delivering genomic
risk information, including PRS, IRS, monogenic risk,
clinical risk factors, and FHHx, for common chronic dis-
eases. This paper presents the analytical framework for as-
sessing provider and participant actions and downstream
health outcomes following the return of genomic risk
information.

We employed a prospective cohort design, allowing
participant recruitment and follow-up within routine
clinical practice. Genomic risk results were returned to
providers and participants using methods consistent
with current clinical practice. To enable causal inference
in this context, we utilized an RD study design. RD is a
quasi-experimental method that leverages predefined
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Figure 4. Effect-size differences in the eMERGE IV study

These are powered (80% power at a = 0.05 and 0.1) for assessment of high PRS/IRS vs. not-high PRS/IRS for (A) atrial fibrillation, (B)
BCa, (C) CKD, (D) CHD, (E) HC, (F) obesity, (G) PCa, and (H) type-2 diabetes assuming 60%, 80% and 100% participant follow-up

completion.

thresholds (e.g., the top 3% of a PRS distribution) to
approximate random assignment within observational
data. When individuals just above and below a given
risk threshold are otherwise comparable, differences in

downstream outcomes, such as uptake of preventive
screening, clinical management, or lifestyle interventions,
can be attributed to the effect of being classified as high
risk and receiving corresponding care recommendations.
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These are powered (80% power at o = 0.05, 0.1) for assessment of high PRS/IRS vs. not-high PRS/IRS for (A) asthma, (B) type 1 diabetes,
(C) obesity, and (D) type 2 diabetes, assuming 60%, 80%, and 100% participant follow-up completion.

In essence, RD exploits clinical decision rules where par-
ticipants fall just on either side of a threshold, such as a
high PRS or IRS classification. This enables estimation of
the causal effect of genomic risk disclosure and risk-guided
care. RD has been successfully applied in analogous do-
mains of risk-guided care, such as statin prescribing based
on atherosclerotic cardiovascular disease scores and dia-
betes diagnosis using HbAlc thresholds.”****

A selected set of outcomes was identified a priori to mini-
mize multiple hypothesis testing and reduce the risk of post
hoc result fishing. The initial evaluation time frame in-
cludes 12 months of EHR follow-up and a 6-month partic-
ipant survey to capture provider and participant actions.
These timelines were informed by the original funding re-
quirements and aligned with recruitment and return-of-
result milestones. Within the initial time frame, cross-con-
dition analyses focus on provider and participant actions
taken following receipt of the GIRA. These are critical pro-
cess outcomes that are measurable in the short term and
are necessary for longer-term outcomes that may not be
observable in the original funding period.** Because most
outcomes are derived from EHR data, the infrastructure es-
tablished through this study provides a strong foundation
for longer-term follow-up, which is in the planning stages.

This extended period will allow for the assessment of the
long-term maintenance of risk-reducing interventions
and, more importantly, the downstream clinical impact
of genomic risk stratification.

There are limitations to this study. An RCT would offer a
more rigorous assessment of the impact of genomic risk
information; however, RCTs are complex, costly, and
may not reflect real-world clinical settings or patient pop-
ulations. The eMERGE study includes participants re-
cruited from primary-care practices affiliated with aca-
demic medical centers; results from the study may not
be generalizable to individuals who are not associated
with a health system or do not have a primary-care pro-
vider. Although the return of GIRA results to participants
and their providers reflects real-world workflows, it intro-
duces the possibility that providers and/or participants
may not review the GIRA report, follow the provided rec-
ommendations, or take other action. These variations
present both limitations and opportunities. Specifically,
heterogeneity in processes across study sites, such as
differences in delivery methods and availability of clinical
decision support, creates a natural experiment to evaluate
the impact of these factors on the adoption of recommen-
ded care in future analyses. This could inform design of
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targeted interventions or optimized approaches to deliver
results.

The study’s primary outcomes are derived from curated
and harmonized EHR data across sites using validated phe-
notyping algorithms. Most of the outcomes include well-
documented tasks such as order placement and comple-
tion, test results, changes in surrogate measures (e.g.,
changes in HbA1c), disease diagnoses (based on ICD co-
des), and medication orders (using RxNorm coding),
which can be reliably extracted from the EHR.** However,
identifying certain outcomes, such as referrals to nutri-
tion, cardiology, or other specialties, remains challenging
due to variation in referral mechanisms across health sys-
tems. To address these issues, the network is conducting
concordance checks between extracted data versus
manual chart review to accurately capture these out-
comes. For PCa, shared decision-making is a participant-
reported outcome and faces the challenges of limited
participant recall and survey completion rates. However,
prostate-specific antigen (PSA) order placement and
completion will be assessed at later time points using
EHR data, enabling evaluation of provider and participant
actions following shared decision-making.

The eMERGE Network is well positioned to advance un-
derstanding of the clinical utility of genomics for the pre-
vention of common chronic diseases. This study
represents a real-world application of RD design to eval-
uate the impact of a genomic medicine intervention.
Applying RD within a genomic context offers an innova-
tive and robust framework for estimating the causal
impact of genomic risk stratification and result disclosure,
generating actionable insights for future implementation.
As PRSs are increasingly developed across diverse diseases,
this analytical framework provides a feasible and rigorous
approach to assessing clinical impact at scale. As health
systems increasingly consider integrating genomic data
into preventive-care workflows, real-world implementa-
tion studies such as eMERGE IV are essential to inform
outcomes and evidence-based practice guidelines.

Conducting a study across multiple conditions, incor-
porating diverse types of risk information, and identifying
meaningful outcomes proved challenging but provided a
unique opportunity to clarify study design, define critical
endpoints, and propose innovative analytic methods to
disentangle intervention effects in a real-world setting.
Through this work, we have established a scalable imple-
mentation framework for integrating genomic informa-
tion into routine care and generating critical evidence
on its effectiveness for population risk stratification for
the purpose of preventing common chronic diseases.
These methods can serve as a model for future studies
and offer a foundation that other researchers can refine
and expand. Our approach may also inform clinical guide-
lines and health policy by providing evidence and high-
lighting both the challenges and opportunities involved
in generating evidence to support recommendations and
reimbursement for genomic testing.

Data and code availability

Data utilized in this manuscript are stored in a centralized
REDCap database maintained by the eMERGE Consortium. No
external datasets were generated or analyzed in this manuscript.
We present the design and planned analyses of future work. No
datasets or code are available at this time.
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