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Abstract 

Background Germline genetic testing is recommended for an increasing number of conditions with underlying 
genetic etiologies, the results of which impact medical management. However, genetic testing is underutilized in clin-
ics due to system, clinician, and patient level barriers. Behavioral economics provides a framework to create imple-
mentation strategies, such as nudges, to address these multi-level barriers and increase the uptake of genetic testing 
for conditions where the results impact medical management.

Methods Patients meeting eligibility for germline genetic testing for a group of conditions will be identified 
using electronic phenotyping algorithms. A pragmatic, type 3 hybrid cluster randomization study will test nudges 
to patients and/or clinicians, or neither. Clinicians who receive nudges will be prompted to either refer their patient 
to genetics or order genetic testing themselves. We will use rapid cycle approaches informed by clinician and patient 
experiences, health equity, and behavioral economics to optimize these nudges before trial initiation. The primary 
implementation outcome is uptake of germline genetic testing for the pre-selected health conditions. Patient data 
collected through the electronic health record (e.g. demographics, geocoded address) will be examined as modera-
tors of the effect of nudges.

Discussion This study will be one of the first randomized trials to examine the effects of patient- and clinician-
directed nudges informed by behavioral economics on uptake of genetic testing. The pragmatic design will facilitate 
a large and diverse patient sample, allow for the assessment of genetic testing uptake, and provide comparison 
of the effect of different nudge combinations. This trial also involves optimization of patient identification, test selec-
tion, ordering, and result reporting in an electronic health record-based infrastructure to further address clinician-level 
barriers to utilizing genomic medicine. The findings may help determine the impact of low-cost, sustainable imple-
mentation strategies that can be integrated into health care systems to improve the use of genomic medicine.
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Trial registration ClinicalTrials.gov. NCT06377033. Registered on March 31, 2024. https:// clini caltr ials. gov/ study/ 
NCT06 377033? term= NCT06 37703 3& rank=1

Keywords Genetic testing, Behavioral economics, Nudges, Implementation science, Electronic health record, 
Pragmatic, Type 3 hybrid cluster randomization trial

Contributions to the literature

• This paper describes the development of implementa-
tion strategies and electronic phenotyping to support an 
implementation clinical trial focused on genetic testing.

• This study will evaluate the use of implementation 
strategies informed by behavioral economics to pro-
mote uptake of genetic testing in a group of con-
ditions for which the results may change medical 
management.

• This study may identify novel supports to reduce dis-
parities and increase uptake of genetic testing in 
patients with pre-selected conditions.

Background
The number of conditions for which genetic testing is 
indicated, as we understand more about how results 
influence medical management for patients, is increasing 
exponentially [1–3]. However, only a minority of patients 
with these conditions receive genetic testing and benefit 
from the use of genomic medicine [4]. Oncology special-
ties have been early adopters of germline genetic testing, 
and currently the identification of pathogenic variants 
in high and moderate penetrance cancer predisposition 
genes leads to critical changes in clinical management, 
including treatment selection [5, 6]. In other special-
ties, including cardiology, neurology, and endocrinology, 
the use of genetic testing to guide medical management 
is quickly being adopted with broad use across multiple 
diseases [2, 7–13]. Genetic testing now is recognized as 
an essential part of clinical care, with payers exhibiting a 
strong preference in approving coverage of genetic tests 
that change medical care [14] and patients recogniz-
ing the potential benefits of precision medicine [15, 16]. 
Despite this recognition, the literature demonstrates a 
considerable practice gap in implementation of genetic 
testing for many conditions including neuroendocrine 
tumors [17],  myopathies, amyotrophic lateral sclerosis 
[ALS], cardiomyopathies [18, 19], long QT syndrome 
[20],  hereditary amyloidosis, and other cardiovascu-
lar conditions [21–24]. Beyond the underutilization of 
genomic medicine generally, substantial disparities in 
genetic testing use exist (as has been demonstrated for 
minority patients with breast and ovarian cancer [25] and 
neurologic conditions [26]). Thus, novel and sustainable 

approaches to enable genetic testing for patients with 
conditions in which the results change medical care must 
be developed and implemented.

Barriers to the use of genomic medicine across medical 
specialties exist at the system, clinician, and patient lev-
els. With over 50,000 genetic tests now available, and the 
list of indications for genetic testing greatly increasing, 
the demand cannot be met by the existing clinical genet-
ics workforce [27, 28]. Infrastructure development to 
support delivery of genomics care is needed to increase 
the number of providers who can help to facilitate such 
care [29]. There are also issues in the current system of 
genomic medicine of data flow, including practical chal-
lenges with integrating genomic data into the electronic 
health record (EHR), such as the size and complexity 
of genetic test results, inadequate use of standards for 
genetic data, and a lack of widespread clinical decision 
support (CDS) [30, 31].

For non-geneticist providers (such as physician or 
advanced practice provider [APP]), multiple barriers 
hinder the implementation of genomics in routine care 
including: lack of knowledge about the conditions for 
which genetic testing is indicated, accompanying medical 
management implications, how to proceed if there is rec-
ognition that testing is needed, and concerns about cost 
and patient reaction [29, 32–35]. Although there is agree-
ment that the first step towards increasing efficiency in 
genetic testing is a more automated way to identify high 
risk patients, few algorithms exist to do so, and they 
are not focused on conditions for which genetic test-
ing will influence medical management [36]. Strategies 
to improve patient identification, optimization of test 
selection, and ordering and result reporting in an EHR-
based infrastructure can address the clinician level barri-
ers to genomic medicine and broaden its scope [37–40]. 
A clinician’s recommendation is an influential deter-
minant of whether patients receive genetic testing [41, 
42]. Nevertheless, factors including patient awareness 
of genetic testing beliefs, attitudes, and individual emo-
tional responses, interpersonal relationships, and access 
to genetic clinics also serve as barriers to genetic testing 
[12, 42]. Patients also express concerns about potential 
costs and adverse consequence of testing such as stigma, 
discrimination, emotional distress, or harms to family 
members [11, 42–44]; many of these barriers are exac-
erbated in racial and ethnic minority patients [45–47]. 

https://clinicaltrials.gov/study/NCT06377033?term=NCT06377033&rank=1
https://clinicaltrials.gov/study/NCT06377033?term=NCT06377033&rank=1
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Therefore, processes directed at patient action are also 
needed to maximize the utilization of genomic medicine. 
Implementation science addresses these critical practice 
gaps using rigorous scientific methods to understand 
why evidence-based treatments are not utilized and what 
strategies effectively promote utilization [48]. It is well-
recognized that there is critical need to merge imple-
mentation science with genomic medicine, including by 
NHGRI and a National Academies of Sciences, Engineer-
ing, and Medicine workgroup [49, 50].

A growing body of research from behavioral econom-
ics suggests that limits in thinking capacity, available 
information, and time can impair rational decision mak-
ing [51]. As decision makers, people are influenced by a 
myriad of psychological, social, cognitive, and emotional 
factors, and use simplifying cognitive heuristics biases 
[52, 53]. Status quo bias, or the tendency to stick with a 
current approach even if new or better approaches are 
available, especially plays a role in use of evidence-based 
interventions [54–57]. Studies across multiple healthcare 
areas have shown promising results when applying this 
insight to modify physician behavior [58–62]. Implemen-
tation strategies informed by behavioral economics can 
increase the use of evidence-based treatment, as shown 
for recommending tobacco use treatment [63–66], pro-
moting the use of serious illness conversations [67], and 
improving use of higher value prescribing [68]. More 
recently, groups have started to evaluate behavioral eco-
nomic constructs as barriers to physician use of genetic 
testing [69].

One of the most powerful ways to affect behavior 
is through nudges in the EHR, which involve making 
subtle changes to the way that choices are presented 
[70, 71]. Nudges improved the use of evidence-based 
treatments in 73% of studies in a review [72]. When 
the evidence-based intervention requires both clini-
cian and patient actions, as for genetic testing, a multi-
level intervention that nudges both stakeholder groups 
may be required. Although not extensively evaluated, 
studies have shown that nudges directed towards 
patients that included default for engagement with an 
evidence-based intervention (e.g., diabetes self-moni-
toring and medication adherence following myocardial 
infarction) significantly increased engagement with 
the targeted health behavior [66, 73–75]. One type of 
patient-directed nudge is priming, where information 
is conveyed to patients directly to activate willingness 
and interest, and counteract common barriers regard-
ing an evidence-based treatment or health behavior 
[76]. Priming previously has been shown to increase 
the use of serious illness conversations and decrease 
overuse of medications [77–79].

This study aims to refine clinician- and patient-directed 
implementation strategies informed by behavioral eco-
nomics to evaluate the effect on uptake of genomic medi-
cine. Electronic phenotyping algorithms [80] will first be 
defined to identify patients for whom genetic testing is 
recommended. Nudges will be designed to address clini-
cian and patient heuristics that can influence decision-
making within complex medical care. We will conduct a 
hybrid type 3 cluster-randomized controlled trial (RCT) 
to evaluate these optimized patient- and/or clinician-
directed strategies for increasing the use of genetic test-
ing in conditions for which the results inform medical 
management. Given ongoing awareness of health dispari-
ties in genomic medicine [81, 82], and the shift in focus of 
health equity in implementation science [83–85], impact 
of these strategies in racial minorities will be evaluated. 
Methods and resources developed in this trial will then 
be disseminated through Penn websites (Fig. 1) and pub-
lic websites.

Methods
Study design
The study will test optimized implementation strategies 
informed by behavioral economics in a six-arm facto-
rial hybrid type 3 cluster implementation RCT testing 
the effectiveness of nudges to clinicians (to either refer 
to a genetics clinic or order genetic testing), nudges to 
patients (to discuss genetic testing with their clinician), 
nudges to both, or neither (Fig.  2). The two versions of 
the clinician nudge will help to test the effects of a local 
adaptation to this implementation strategy.

Primary and secondary implementation outcomes, 
and contextual factors that shape implementation effec-
tiveness (e.g., clinician location, patient demographics) 
will be captured. Prior to the nudges being sent out, 
electronic phenotyping algorithms will be used to iden-
tify patients for whom genetic testing is recommended 
based on published guidelines and expert opinion [2, 
3, 7, 10]. Conditions were selected for which 1) genetic 
testing is considered standard of care due to implications 
for medical management; 2) the genetic testing approach 
is standardized; and 3) effective electronic phenotyping 
with a positive predictive value (PPV) [39, 86] of over 
85% can be performed (Supplemental Table  1). With 
a lens of health equity, preliminary data also were col-
lected for these medical conditions highlighting existing 
disparities in genetic testing rates by race.

Once identified through electronic phenotyping, 
patients are randomized to patient nudge or no  nudge. 
Patients who already have had genetic testing for the 
condition of interest will be excluded. Depending on 
randomization group, clinicians will receive a nudge in 
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Fig. 1 a CONSORT study flow diagram Created in BioRender. b SPIRIT flow diagram
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the form of an alert prompting them to “Refer”, or place 
a referral to the appropriate genetics clinic, or “Order” 
action, meaning order genetic testing themselves, as 
viewed in Fig. 3. Randomization of clinicians was done by 
first grouping clinicians who work together into clusters 
using the “group_id” network analysis routine in Stata 18. 
Clusters were then randomly assigned without replace-
ment to one of the two clinician nudge arms or to usual 
care (no nudge). The alerts will activate at the time of the 

patient visit when the clinician opens the patient’s EHR. 
These alerts are static and on the ‘storyboard’ component 
of the chart, so the provider can view the alert through-
out the visit, independent of the tab that is open (Fig. 3). 
The alerts may transition to interruptive (pop-up) alerts 
should there be a lack of engagement during the pilot 
phase of the study.

Patients, depending on randomization arm, will receive 
a nudge to discuss genetic testing with their clinician 

Fig. 2 Patient Nudges. a Text message language. b Still image from the patient animated explainer video



Page 6 of 15Raper et al. Implementation Science           (2024) 19:61 

Fig. 3 Clinician Nudge. a Clinician alert. b Clinician Order nudge. c Clinician Order SmartSet. d Clinician Refer nudge. e Clinician Refer SmartSet. f 
Clinician education website homepage. Publicly available link: https:// www. med. upenn. edu/ agm/

https://www.med.upenn.edu/agm/
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Fig. 3 continued
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through the Penn Way to Health program, an evidence-
based patient engagement platform used in ongoing stud-
ies [87, 88]. Patients will receive a text message around 
one week prior to their appointment, as well as around 
three days prior to the appointment (Fig. 4).

Moderators of effectiveness will be investigated 
through analyzing associations with variables avail-
able via EHR for patients (e.g., race) and clinicians (e.g., 
location of practice). Tracking referrals and genetic test 
orders in the EHR will allow for comparisons in uptake 
across clinics and patient groups.

The primary implementation outcome will be the time 
to genetic testing within six months of the patient’s initial 
visit with a randomized clinician. Each of the six rand-
omization groups, as detailed in Fig. 2, will be analyzed 
separately.

Study setting, population, and duration
The study setting for this project will be specialty clinics 
at sites within Penn Medicine including: the Hospital of 
the University of Pennsylvania (HUP), Penn Presbyterian 
Medical Center (PPMC), Pennsylvania Hospital, Ches-
ter County Hospital, Penn Medicine Princeton Health, 
and Lancaster General Hospital (LGH). The study was 
approved by the University of Pennsylvania Institutional 
Review Board. The trial presents minimal risks to partici-
pants, and a waiver of informed consent was approved 
for all study aims.

Clinician selection
Around 230 specialty clinicians (physicians and APPs) 
were identified who may see patients with the conditions 

selected for the trial, and therefore may be eligible to 
receive a nudge that their patient is eligible for genetic 
testing. Clinicians selected must 1) be currently in prac-
tice at Penn Medicine; and 2) have prescribing authority 
in Pennsylvania (physician or APP). Clinician clusters 
were formed to reduce confounding and randomized 
within clinical subspecialty (i.e. clinicians seeing patients 
within each of three disease groupings to be included in 
the trial: 1) pheochromocytoma/paraganglioma, 2) cardi-
ology conditions, and 3) neurology conditions).

Patient selection
Patients will be selected by using the following param-
eters: 1) patient has a condition included in the trial and 
is identified through an electronic phenotyping algorithm 
(Supplemental Table  1); 2) patient is over the age of 18 
years old; 3) patient has been seen for two encounters 
with the condition within the last three years; and 4) 
patient is seeing a clinician identified for randomization. 
The details of electronic phenotyping algorithms used 
for this project, which include ICD-10 codes, labora-
tory measurements, and medication data, will be pub-
lished separately. Electronic phenotyping methods were 
validated using manual chart review of sets of randomly 
selected patient charts to ensure correct identification of 
patients eligible for the trial. A positive predictive value 
of at least 85% is required before finalizing any phenotyp-
ing algorithm. The EHR algorithms also exclude patients 
who have previously received genetic testing.

Fig. 4 PennChart Genomics Initiative website. Publicly available link: https:// www. med. upenn. edu/ pgi/

https://www.med.upenn.edu/pgi/
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Duration
We expect the trial will take three years to complete and 
will include at least 3,800 patients across the 10 condi-
tions selected. Clinicians and patients will be observed 
for one year after they are randomized to assess the 
ordering, referring, and use of genetic testing, and 
changes to medical management based on genetic test 
results.

Overview of rapid cycle approaches and nudge 
development
Prior to initiating the implementation strategies of this 
trial, rapid cycle approaches (RCAs) were used to learn 
and adapt from pilot data. These approaches have been 
used in prior work of the Penn Implementation Science 
Center in Cancer Control (ISC3) [87, 88] and help to de-
risk and optimize nudges as implementation strategies. 
The iterative processes used are summarized in Table 1.

For development of the clinician nudges, we conducted 
a discrete choice experiment (DCE) with clinicians who 
provide genetic testing across the health system to test 
four messages, each focused on addressing a different 
potential heuristic, informed by behavioral economics 
(status quo, focusing effect, impact, and omission), that 
may be associated with willingness to refer to genet-
ics or order genetic testing. Clinicians were asked their 
preference between each pairing of messages and in both 
orders. Of the 79 clinicians approached, 43 (54%) com-
pleted the DCE. Preference was significantly greater for 
the message that addresses status quo bias (44%), com-
pared to focusing effect (22%), impact (18%), or omission 
(17%) bias (χ2 [3]=46.17, p<0.001). Preference did not 
vary by clinician sex or academic rank (p’s >0.05).

Template patient nudges were pilot tested by present-
ing them to two focus groups comprised of five patients 
and family members per group. Patients were identified 
by clinicians involved in the trial as having a diagnosis 
being considered for the trial. A principal investigator 
moderated videoconference discussion of patient atti-
tudes towards the four nudges. The discussions were 
transcribed and evaluated for themes. Based on extensive 
review from the focus groups, study partners, and exter-
nal advisory partners, the nudges to be implemented in 
the study were designed as shown in Figs. 3 and 4.

Patient nudges and support
The patient nudge is designed to “prime” the patient to 
discuss the potential benefits of genetic testing with 
their clinician at the time of their next appointment. 
The patient nudge will be delivered via text message 
directly to the patient’s cell phone through the Penn 
Way to Health program. Text messaging was selected 
as the mode of nudge delivery since an estimated 25% 

of patients do not use the patient portal as a conduit for 
health information. National survey data identified that 
compared to White individuals, Black and Hispanic indi-
viduals were less likely to be offered patient portal access 
and among those offered, were also less likely to access 
their portal [89]. If sent, the patient nudge will be deliv-
ered around one week prior to their medical appoint-
ment, and then again around three days prior to their 
appointment. Additionally, the patient nudge will con-
tain a link to a two-minute informational video provid-
ing basic background on genetic testing created as part of 
this trial (Fig. 4).

Clinician nudges and support
Clinician nudge to refer
For the “Refer” clinician nudge, if accepted, a custom-
ized workflow in the form of an order set, called an Epic 
SmartSet, will appear for the clinician which includes a 
consult order for the appropriate genetics clinic (deter-
mined by electronic phenotyping), and text to add to the 
clinic note and the patient’s after visit summary about the 
plan for referral to genetics. Once the consult to a genet-
ics clinic is placed, that clinic will reach out to the patient 
directly to schedule a visit.

Clinician nudge to order
For the “Order” clinician nudge, the Epic SmartSet func-
tion also will be utilized. The SmartSet will include 1) 
genetic testing order with a default set of condition-spe-
cific genes and a testing lab selected; 2) Epic Smartphrase 
to populate the clinician’s note regarding the discussion 
and plan for genetic testing; and 3) Epic Smartphrase to 
populate the patient’s after visit summary with informa-
tion about genetic testing. The list of genes included in 
the testing is based on guidelines and condition expert 
recommendation. The selection of the testing laboratory 
also will be sensitive to the patient’s insurance, so if the 
patient is capitated to a certain commercial testing labo-
ratory that offers appropriate testing, the testing will go 
to that laboratory. Genetic testing information text for 
patients was developed with input from study partners 
and approved by the legal team (Supplemental Figure 2). 
The one-page text contains language about the possibility 
of different types of genetic test results (positive, nega-
tive, variant of uncertain significance), implications for 
family members, guidance on how to learn more about 
test cost and lab billing policies, and other insurance 
implications including the Genetic Information Non-dis-
crimination Act (GINA) [90, 91]

The clinician nudges also contain a link for an infor-
mational website, designed to provide clinician-facing 
information about genetic testing, processes to place 
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referrals to genetics, order genetic testing, results man-
agement, and frequently asked questions. Screenshots 
of the nudges, Epic SmartSets, and the homepage of the 
provider informational website are included in Fig. 3.

Nudge to patient and clinician (refer or order)
The arms with patient and clinician nudges encompass-
ing the steps outlined above.

Procedures and measures
To launch the nudges, a multi-phase approach will be 
used. EHR phenotyping  algorithms will first be tested 
by conducting chart reviews. Initially, 20 charts will 
be reviewed to confirm a patient identified by the algo-
rithm has the targeted diagnosis. Next, 100 charts will 
be reviewed, and the algorithm will be refined until 
achieving at least 85% accuracy. This process is itera-
tive until an 85% positive predictive value is reached. In 
the next phase, a clinician alert will fire invisibly in the 
background of the EHR without prompting nudges to 
patients or clinicians. The results of these background 
alerts will be evaluated to verify accuracy and adjust the 
EHR algorithm as needed. Subsequently, the clinician 
nudges will be activated for several weeks among a lim-
ited number of clinicians. We will compare the patients 
identified through the algorithm and confirm that those 
patients and clinicians who should have received nudges 
are receiving them. We will also solicit feedback from cli-
nicians on the acceptability of the alerts. Nudge delivery 
will be monitored in all arms throughout the trial.

The primary measure of implementation is time to 
genetic testing. The clock begins running with the first 
(index) visit to a randomized clinician, and ends with 
either a testing event, or censorship at six months. Those 
patients who may have multiple visits and cross from a 
clinician randomized in one group (order nudge, refer 
nudge or no nudge) to a clinician randomized to a differ-
ent group will be censored out of the primary analysis at 
the time of crossover. However, observation will continue 
out to the end of six months, and a secondary analysis 
may include those exposures to different clinician arms. 
Secondary measures of implementation will be the time 
to genetics referrals and genetic test orders, defined as 
referrals to genetics placed, and orders for genetic test-
ing, completed or not. Patient engagement rate will be 
assessed by the frequency of patient responses to text 
messages, as well as views of the genetic testing informa-
tional video. Patient information (e.g., sex, race, condi-
tion) will be ascertained from the EHR.

Sample size, power, and statistical analysis
Based on preliminary data, up to 3800 patients are 
anticipated to be available to include in the study 
(based on prior assessment of eligible patients over 
the past three years), interacting with approximately 
230 clinicians represented by approximately 100 clini-
cian clusters. Clinician nudge assignment will be ran-
domized by clinician cluster, while patient nudges will 
be assigned independently. This independent rand-
omization makes the main effect for patient nudges a 
within-cluster comparison. The analysis will use the 
time to genetic testing outcome registered in the EHR 
within six months after the visit when the nudges 
were delivered. The exchangeable correlation (for our 
clustered data) observed from other studies is small 
(0.07). Our goal is to achieve at least 80% power using 
a two-sided type-1 error of 5%. Based on prior data, 
our outcome is expected to be 10% in the absence of 
intervention by the 6-month censoring time. We antici-
pate that the patient nudge will increase testing by 5% 
(HR=1.54), and clinician nudges will increase testing by 
10% (HR=2.12). In addition, the two nudges together 
may increase testing more than the strict additive main 
effects and add up to an additional 10% testing (25% 
total increase). We calculated power by simulating ran-
dom data sets in Stata 18. We assumed an exponential 
daily hazard with event times correlated within cluster 
and fitted those data sets with aCox regression model. 
Model variances were corrected using cluster-correla-
tion. Our design yields more than 95% power for the 
patient and provider nudges regardless of correlation. 
It also provides at least 90% power to detect (within-
between) interactions. Power remains above 80% for a 
wide variety of departures from our original assump-
tions. Power for the main effect of provider nudges may 
drop below 80% for high within-subject correlations 
(above 0.2), and overall power to detect all differences 
is reduced as the baseline hazard increases (beyond 
20% testing by 6 months).

Time to event outcomes (incidence of testing, incidence 
of ordering, incidence of referring, incidence of clinician 
action) will be analyzed using Cox regression, censoring 
at the six-month end of observation. The study design 
is factorial, and models will contain categorical predic-
tor terms for clinician (refer vs. order vs. control) and/
or patient nudge vs. control. We will include adjustments 
for fixed effects of site. We will control for type 1 error 
inflation by hierarchical testing, starting with the overall 
model significance, followed by overall effects of clinician 
nudges and then patient nudges. Once we have fitted the 
main effects model, we will test for interaction between 
clinician and patient nudges and retain that interaction 
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term if significant (alpha=5%). We will test the two cli-
nician nudges separately and combine them if there are 
no significant differences, and use a similar approach for 
other study outcomes using GLM (or GEE for repeated 
measures) using the appropriate distribution family.

While our design is factorial, with the presumption that 
a patient will remain in one clinician cluster, we recognize 
that there will be some movement or crossover between 
clinician clusters and treatments. For that reason, our pri-
mary analysis will censor patient observations at the point 
of crossover. We will also conduct a secondary analysis “as 
treated”, using time-varying covariates to represent the 
accumulated clinician nudge exposures over time.

Next, we will examine variability in our outcomes by 
treatment arm and moderators (patient-, clinician-, and 
system-level) using interaction terms within the regres-
sion. We will fit an adjusted model using the same 
approach described in the primary analysis. Moderators 
of particular interest will be patient-level (e.g., diagno-
sis, race, geocoded indicator of socio-economic status), 
clinician-level (e.g., years in practice), and system-level 
data (e.g., community vs. hospital-based). If there are no 
interactions with the two clinician nudge arms, they will 
be combined in subsequent moderator analysis following 
the same approach described above.

Discussion
This study is one of the first randomized controlled tri-
als studying the effect of clinician and patient nudges on 
the uptake of genetic testing for conditions for which 
this testing is considered standard of care by guidelines 
and/or expert opinion and results could change medi-
cal management. Using the EHR to extract information 
to inform electronic phenotyping algorithms, patients 
with conditions of interest will be identified. Nudges 
linked to EHR-based clinician supports, including Epic 
SmartSets and links to a clinician educational website, 
will be used to encourage use of genomic medicine. 
This work adds to previous studies of nudge implemen-
tation to patients and clinicians and applies these strat-
egies to populations in which we have demonstrated 
underutilization of and disparities in genetic testing. 
Increasing the uptake of genetic testing is likely to have 
downstream effects on the uptake of appropriate sur-
veillance and treatment options for patients.

We have included diverse clinics, across specialties, 
and health care settings, within the University of Penn-
sylvania Health System with a single EHR (Epic; Penn-
Chart and LGHealth) with active efforts to innovate and 
improve genomics integration. The results of this study 
may not be generalizable to sites without similar EHR 

capabilities and clinical genetics programmatic expertise. 
If these strategies prove beneficial in improving genetic 
testing uptake and ultimately clinical care for patients, 
these methods could serve as a model for sustained 
change in clinical care practices, for other diseases and 
other health systems. As the study materials are devel-
oped and finalized, we will engage in dissemination activ-
ities to increase capacity of other medical sites to adopt 
EHR-based strategies and other implementation strate-
gies used in this trial.
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