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Abstract
Pharmacogenomic (PGx) biomarkers integrated using machine learning can be 
embedded within the electronic health record (EHR) to provide clinicians with 
individualized predictions of drug treatment outcomes. Currently, however, drug 
alerts in the EHR are largely generic (not patient- specific) and contribute to in-
creased clinician stress and burnout. Improving the usability of PGx alerts is an 
urgent need. Therefore, this work aimed to identify principles for optimal PGx 
alert design through a health- system- wide, mixed- methods study. Clinicians rep-
resenting multiple practices and care settings (N = 1062) in urban, rural, and un-
derserved regions were invited to complete an electronic survey comparing the 
usability of three drug alerts for citalopram, as a case study. Alert 1 contained a 
generic warning of pharmacogenomic effects on citalopram metabolism. Alerts 
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INTRODUCTION

Electronic health records (EHRs) increasingly contain 
pharmacogenomic (PGx) alerts that must be addressed 
by clinicians when prescribing medications.1,2 PGx alerts 
warn providers of genetic variation which may impact 
the safety or efficacy of a prescribed drug.3,4 Such alerts 
are therefore potentially indispensable tools for facili-
tating safe prescribing.5 However, these alerts are also 
known contributors to stress and burnout,6–8 and due 
to their high volume, poor design, and perceived lack of 

clinical relevance, they are often dismissed without ac-
tion.9 Accordingly, the EHR has been widely criticized as 
a barrier, rather than an aide, to care.10 To improve EHR 
usability, reduce EHR- driven clinician stress, and facili-
tate precision treatment at the point of care, user- centered 
research wherein clinicians inform optimal PGx alert de-
sign is essential.11–13

Existing work on PGx alert design suggests that alerts 
should (i) detail the strength of the recommendation, (ii) 
share only actionable information, (iii) indicate references 
such as scientific literature, and (iv) design intuitive icons 
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2 and 3 provided patient- specific predictions of citalopram efficacy with varying 
depth of information. Primary outcomes included the System's Usability Scale 
score (0–100 points) of each alert, the perceived impact of each alert on stress and 
decision- making, and clinicians' suggestions for alert improvement. Secondary 
outcomes included the assessment of alert preference by clinician age, practice 
type, and geographic setting. Qualitative information was captured to provide 
context to quantitative information. The final cohort comprised 305 geographi-
cally and clinically diverse clinicians. A simplified, individualized alert (Alert 2) 
was perceived as beneficial for decision- making and stress compared with a more 
detailed version (Alert 3) and the generic alert (Alert 1) regardless of age, practice 
type, or geographic setting. Findings emphasize the need for clinician- guided de-
sign of PGx alerts in the era of digital medicine.

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
Pharmacogenomic (PGx) alerts in the electronic health record (EHR) are known 
contributors to clinician stress and burnout. The comparison of the design and 
content of PGx alerts, and their impact on clinical decision- making and clinician 
stress, is understudied.
WHAT QUESTION DID THIS STUDY ADDRESS?
This study aimed to identify alert design components which either improve or 
reduce alert usability and to assess whether PGx alerts augmented with individu-
alized efficacy predictions based upon genomic markers have superior usability 
compared with generic pharmacogenomic alerts. The study assessed preferences 
among three PGx alerts for citalopram in an enterprise- wide survey of a wide 
range of clinicians in varying practices, geographic locations, and with varying 
levels of experience.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
The generic PGx alert, representative of current non- individualized citalopram 
alerts in electronic medical records, scored in the “F” range on usability. An al-
ternate individualized alert providing patient- specific predictions of drug efficacy 
was preferred. Preference may vary based on the clinician specialty and experi-
ence. Clinician suggestions for alert improvement were compiled.
HOW MIGHT THIS CHANGE CLINICAL PHARMACOLOGY OR 
TRANSLATIONAL SCIENCE?
This study elucidates PGx alert design principles which may augment clinical 
decision- making and reduce clinician stress in the era of predictive analytics.
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for knowledge resources, among additional recommenda-
tions.14,15 However, prior work has been limited to single 
centers, single specialties, or small focus groups.12,16–22 
Importantly, prior work suggests that the depth of in-
formation contained in alerts, when such information is 
needed, and by whom it is needed, may vary across clini-
cal settings.3 Thus, there is an evidence gap for compari-
son of PGx alert preferences across diverse geographic and 
clinical settings.17,21,23,24 Such an assessment can quantify 
the extent to which current generic drug alert designs are 
broadly useful and where alternative designs and con-
tent may benefit clinicians and patients. Furthermore, 
machine learning/artificial intelligence (ML/AI) meth-
ods are being utilized to incorporate broader sets of PGx 
biomarkers to individualize predictions of drug response. 
In the digital medicine era, it is expected that drug alerts 
will incorporate these predictions for a given drug if the 
PGx results are available for a given patient. Therefore, it 
is important to study the clinician perspectives of EHR 
drug alerts that combine both PGx and ML/AI methods 
to convey not only regulatory information on side effects, 
but also the estimated likelihood of drug response derived 
from PGx- informed machine learning algorithms.

Addressing these evidence gaps, we conducted a sur-
vey to understand clinician preferences among three pro-
posed PGx alerts for citalopram, a commonly prescribed 
antidepressant. In the survey, the usability of an alert 
containing generic pharmacogenomic information (repre-
sentative of currently implemented alerts) was compared 
with two versions of alerts containing patient- specific 
drug response profiles (i.e., predicted efficacy based on 
genomic and clinical information). Quantitative analyses 
of alert preference were supplemented with qualitative 
analysis to contextualize preference. Citalopram was se-
lected as a case study as it triggers a large number of PGx 
alerts in the EHR due to its high prescribing prevalence 
across multiple specialties,4 its metabolism by CYP2C19 

(subjecting it to multiple potential gene- drug and drug–
drug interactions), its dose- dependent effects on cardiac 
conduction (increasing the risk of prolonging the QT in-
terval and associated ventricular arrhythmias). Indicating 
an approaching translation to practice in the coming years, 
several machine learning methods have utilized a broader 
set of PGx biomarkers (going beyond single genes) and 
demonstrated improved predictability of response to cit-
alopram and additional antidepressants.25–30

This study hypothesized that clinicians would prefer 
individualized alerts (based on patient genotypes) over a 
generic alert (non- individualized warning of CYP2C19- 
based variation in citalopram efficacy or side effects). Alert 
preference was hypothesized to vary by clinician specialty 
and age, which are associated with overall EHR satisfac-
tion.31 Finally, higher usability was hypothesized to corre-
spond to reduced perceived stress, captured by qualitative 
data. These results, collected from a broad array of health-
care providers, may be used to inform organizational strat-
egies aimed at reducing EHR- related stress and improving 
patient care.

MATERIALS AND METHODS

Study design and setting

An explanatory mixed- methods study design (Figure  1) 
was used to obtain feedback from academic and 
community- based physicians, physician assistants, and 
advanced practice nurses employed by Mayo Clinic across 
multiple sites (a health- system- wide study). As an ex-
planatory analysis, qualitative data (electronic text- based 
responses) were collected to help explain and build upon 
quantitative findings (System's Usability Scale32 ratings). 
Quantitative and qualitative data were collected following 
the ‘Strengthening the Reporting of Observational Studies 

F I G U R E  1  Conceptual overview 
of the study. NLP: Natural language 
processing; ITA: Inductive thematic 
analysis.
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in Epidemiology’ (STROBE)33 and ‘Consolidated criteria 
for reporting qualitative research’ COREQ34 guidelines, 
respectively. Invited participants (N = 1062) included 
those from clinical sites located in the Upper Midwest 
(N = 778), Florida (N = 205), and Arizona (N = 79) (see 
Table  S1). The study was approved by the Mayo Clinic 
Institutional Review Board.

Study population

Administrative records were used to identify clinicians 
with prescribing privileges in outpatient primary care, 
hospital settings, or specialty outpatient mental health 
clinics, who were then invited to participate in the current 
study via email. Invited clinicians worked in family medi-
cine (N = 681), internal medicine (N = 167), psychiatry 
(N = 147), and community internal medicine (N = 67) prac-
tices. Informed consent was implied by survey completion.

Survey

The electronic survey was designed by the Mayo Clinic 
Survey Research Center and delivered via email through 

Qualtrics (Qualtrics, Provo, UT). It contained a clinical 
vignette (Figure  2a) that prompted study participants 
to prescribe citalopram. Afterward, clinicians were pre-
sented with a sequence of three PGx alerts (Figure 2b–
d). Alert 1 was a generic warning of potential altered 
citalopram efficacy or side effects by CYP2C19 varia-
tion. This alert is representative of those currently im-
plemented in electronic medical record systems. Alert 2 
was a simple, individualized alert displaying predicted 
citalopram efficacy as determined by a hypothetical 
genome- guided AI algorithm. Such an alert represents 
a potential implementation of existing research- based 
algorithms which provide individual- level outcome pre-
dictions using genomics and additional patient data.26 
Alert 3 was a more detailed, individualized alert that 
was similar to Alert 2 but also included a list of top 
genomic predictors of citalopram efficacy identified in 
prior research.25,26,35 For each participant, the generic 
alert (Alert 1) was presented first. To determine whether 
AI- enhanced individualized alerts had higher usability 
than the generic alert, and if there were differences in 
their level of usability, alerts 2 and 3 were subsequently 
presented in random order. Comparing each individual-
ized alert against the generic alert enables assessment of 
whether changing the current alert design and content 

F I G U R E  2  Clinical vignette and pharmacogenomic alerts. (a) Clinical vignette, designed by study team clinicians; (b) Generic Alert; (c) 
AI- Enhanced (simple) Alert; (d) AI- Enhanced (gene details) Alert. Top genomic predictors all represent pharmacodynamic markers.



   | 5 of 13CLINICIAN- INFORMED USABLE DRUG ALERTS

may benefit clinicians. After viewing each alert, par-
ticipants were asked to rate the alert's usability with 
the System Usability Scale (SUS), a validated 10- item 
questionnaire providing a score (0–100), with higher 
values indicating greater usability.36 Participants were 
also asked to provide free- form text responses collected 
using an investigated- developed survey about how each 
drug alert would impact (i) decision to prescribe citalo-
pram and (ii) work- related stress. For example, partici-
pants answered: “Please indicate whether Drug Alert 1 
would improve or worsen your level of work stress, as 
compared to having no drug alert” (additional survey 
questions: Supplementary Methods in Appendix  S1). 
Additional survey items captured age, sex, race, site, pa-
tient population characteristics (medically underserved 
community vs. other), work unit, occupational role, 
clinical specialty, years in specialty, estimated number 
of patients cared for per day, and the estimated num-
ber of patients presenting with anxiety or depression per 
day.

Data analysis

Quantitative data

SUS scores, the main measure of user preference, were 
compared using repeated measures analysis of vari-
ance (RM- ANOVA) with alert type (Alert 1, 2, or 3) 
as a within- subject factor. Post hoc pairwise compari-
sons were made using t- tests with Bonferroni- corrected 
p- values.

As clinician characteristics may contribute to differ-
ences in alert preferences,31 preference was compared 
across professional and demographic covariates using 
RM- ANOVA (categorical variables) and linear mixed- 
effect models (continuous and ordinal variables), model-
ing SUS score as a function of alert and each individual 
covariate. Covariates included age, sex, years in practice, 
employment status (full- time, part- time), site (urban, 
rural, underserved) unit (e.g., hospital, outpatient), role 
(e.g., physician, advanced practice nurse), and estimated 
daily number of patients with depression (Supplementary 
Methods in Appendix S1).

To test the hypothesis that alert preference depends 
on both clinical specialty and age, multinomial logis-
tic regression was used to model alert preference as a 
function of the interaction between specialty and age. 
Using the resulting regression model, predicted prob-
abilities for alert preference were calculated across 
the span of observed ages (24–75 years in this dataset) 
within specialties (family medicine, internal medicine, 
and psychiatry). These probabilities were plotted for 

visual comparison of predicted alert preference by age 
and specialty.

Qualitative data

Inductive thematic analysis (ITA) and natural language 
processing (NLP) were used to understand clinician per-
ceptions of alert usability. Input text to ITA and NLP 
analyses included, for each alert individually, clinician 
responses to questions regarding their (i) decision to 
prescribe citalopram and (ii) work- related stress (see 
Supplementary Methods in Appendix S1 for questions). 
ITA was used to understand content and design factors 
which contribute to or mitigate stress, given the preva-
lence of stress and burnout resulting from alerts in the 
EHR. Given that the code “Suggestions for improve-
ment” arose from ITA analysis, ITA enabled the aggre-
gation of clinician suggestions for alert improvement. 
Given the potential limitations of ITA as a researcher- 
dependent process, an NLP- based topic modeling 
approach was also used as a supporting analysis to de-
termine whether overlapping latent topics could be de-
tected rapidly from the free- form text in a data- driven 
manner.37 NLP analyses yielded summarized topics dis-
cussed in clinician responses.

Inductive Thematic Analysis (ITA)

ITA was carried out using standard protocol.38 For each 
alert, two independent reviewers (CWG & JMP) read cli-
nician responses. Then, reviewers generated thematic 
codes from the responses, grouped codes into broader 
themes, and labeled themes by sentiment. This process 
was conducted iteratively until final codes and themes 
were established by each independent reviewer for each 
alert. Then, reviewers compared codes and themes and 
arrived at a consensus with the help of a third reviewer 
(APA) to resolve any conflicts. Suggestions for improving 
alerts were summarized by frequency.

NLP Topic modeling and BART summarization 
results

The number of latent topics in survey text- based responses 
to decision- making and stress- related questions for each 
alert was computationally determined using the perplex-
ity metric.37 Then, topic modeling, an unsupervised NLP 
approach for identifying latent topics within a text corpus, 
was performed using Latent Dirichlet Allocation (LDA).37 
Documents relating to each topic were identified based on 
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the LDA posterior probabilities of words per topic. For con-
cise interpretation of LDA results, the top documents with 
the highest posterior probabilities (N = 5) for each topic were 
summarized with abstractive summarization using a bidi-
rectional and autoregression transformer (BART) model 
(Supplementary Methods in Appendix  S1). Agreement 
between NLP- generated topics and ITA- generated themes 
was assessed (Supplementary Methods in Appendix S1).

Analyses were implemented in R v4.0.339 using RStudio 
v2022.02.3 + 49240 and Python v3.1241 using PyCharm 
Build #PC- 223.8214.51.

RESULTS

Study population

Thirty- three percent (N = 351) of invited clinicians re-
sponded, 305 of whom provided complete survey data 
and were included in analyses (Demographics: Table 1; 
Sample inclusion: Figure S1). Most responders worked in 
outpatient or ambulatory non- mental health specialties 
(76%). Clinicians from rural and medically underserved 
areas42,43 comprised 20% of the sample. The majority 
(63%) practiced in the department of family medicine.

Quantitative study of alert preference

Mean SUS scores for Alerts 1, 2, and 3 were 56 (standard 
error (se): 1.24), 76 (se 1.11), and 62 (se 1.28), respectively 
(F1.9,575.5 = 117.1, p < 0.0001). The simple AI- enhanced alert 
(Alert 2) scored significantly better than the gene- detailed 
AI- enhanced alert (b) (t = 12.1; Bonferroni- corrected 
p < 0.0001), which was significantly better than the generic 
alert (Alert 1) (t = 3.91; Bonferroni- corrected p = 3.5e- 4) 
(Figure 3a). An inverse relationship was observed between 
SUS score and years in specialty (p = 0.023), age (p = 0.045), 
and the estimated number of patients with mood or anxi-
ety disorders evaluated per clinic day (p = 0.009). Alert 
preferences did not differ significantly by sex, race, site, 
population census site characteristics, unit, occupational 
role, or specialty (Tables S2 and S3).

When jointly considering specialty and age, alert pref-
erence decreased for the generic alert (Alert 1) with in-
creasing age across specialties (Figure 3b–d). Internists 
increasingly preferred the simple AI- enhanced alert 
(Alert 2) with age, while family medicine clinicians 
increasingly preferred the detailed AI- enhanced alert 
(Alert 3) with age. Psychiatrists remained relatively con-
sistent in predicted preference for the two AI- enhanced 
alerts (Table S4).

Qualitative study of alert preference

Inductive Thematic Analysis (ITA)

ITA revealed 8, 8, and 7 themes for the generic (Alert 1), 
AI- enhanced (simple) (Alert 2), and AI- enhanced (de-
tailed) (Alert 3) alerts, respectively (Tables S5–S7). Stress- 
related codes that emerged (including “Alert increases 
Stress” and “Alert decreases stress”) mapped to themes 
regarding added workflow burden, knowledge gap, and 
confidence in prescribing. For all three alerts, clinicians 
reported both positive and negative impacts on stress. 
For example, for Alert 2, clinicians reported the following 
mixed sentiments:

More steps and clicks always adds more stress 
to the information overload of the EMR. 

Study participant #115, attending physician, 
family medicine, male age forties, medically 

underserved community

This gives a number to the information which 
is more helpful, causing less stress. 

Study participant #266, resident physician, 
family medicine, female age twenties, medi-

cally underserved community

For Alert 3, clinicians also reported both positive and 
negative influences of the provided genotypes on stress:

I do not know all the genotypes expressed in the 
alert, so I might be a little more stressed given 
this lack of knowledge. 

Study participant #229, resident physician, 
psychiatry, male age thirties, Minnesota

Alert 3 reduces stress by increasing the detail 
which enhances clinical reasoning. 

Study participant #178, resident physician, 
internal medicine, male age thirties, Florida

ITA also enabled the aggregation of suggestions for 
alert improvement. The main suggestion for improv-
ing all alerts was to provide alternative pharmacother-
apy recommendations and comparisons (Table  S8). 
Clinicians also requested shorter alerts and fewer button 
clicks for all alerts. For Alerts 2 and 3, clinicians em-
phasized the need for educational resources for inter-
preting the results and model inputs. Finally, clinicians 
requested that alerts be available earlier in the appoint-
ment—for example, in the problem list or pharmacy 
support tabs.
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Topic modeling and BART summarization 
results

The optimal number of latent topics in clinician re-
sponses determined by perplexity calculations was 7 for 
the generic alert (Alert 1) and 6 for each AI- enhanced 
alert (Alerts 2, 3) (Figure  S2). Across alerts, NLP top-
ics validated ITA themes (Results, Figures S3–S5). Top 
documents for each topic, identified in topic mode-
ling, were summarized via the BART algorithm, which 

provided a simple, comprehensive summarization of 
topics Figure  4. Five of the seven topics (71%) for the 
generic alert (Alert 1) had negative sentiments, includ-
ing interpretation challenges, actionability issues, visual 
complexity, and premature evidence supporting PGx 
alerts for citalopram. Participants also expressed mixed 
sentiments about Alert 1, noting that the alert may have 
safety benefits but at the cost of increased time- related 
stress. Example clinician responses capturing these sen-
timents include:

N Percent

Sex (Female/Male) 176/129 58/42%

Age (median [Min, Max]) 39 [24,75] N/A

Race (White) 233 76%

Years in role (median [Min, Max]) 6 [0,44] N/A

Full- time employment status 265 87%

Site

Urban: Rochester, MN 118 39%

Urban: Jacksonville, FL 63 21%

Rural and Medically Underserved: Mayo Clinic Health System 60 20%

Urban and Medically Underserved: Mayo Clinic Health System 38 20%

Urban: Phoenix/Scottsdale AZ 26 8%

Unit

Outpatient/ambulatory, non- mental health specialty 241 76%

Hospital, medical and/or surgical 61 20%

Outpatient, mental health specialty 38 13%

Hospital, psychiatric 36 12%

Emergency department 2 1%

Role

Physician, Attending 148 49%

Physician, Resident/Fellow 77 25%

Advanced Practice Nurse (master's degree) 34 11%

Physician Assistant 25 9%

Doctor of Nursing Practice (DNP) 21 7%

Specialty

Family Medicine 192 63%

Psychiatry 62 20%

Internal Medicine 41 13%

Other 10 3%

Number of Patients with Depression/Anxiety in a Day (median [Min, Max])

<1 13 4%

1 to 2 76 25%

3 to 5 168 55%

6 to 10 38 13%

11+ 10 3%

Note: Demographics. Full- time employment status is defined as ≥36 h per week. Specific race 
demographics: East- Asian (N = 17); South- Asian (N = 11); Hispanic (N = 11); Black (N = 6); Middle Eastern 
(N = 6); Other (N = 6); Prefer not to respond (N = 27).

T A B L E  1  Demographics.
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In a 20 min visit that is dedicated to ONLY de-
pression I probably leave 1- 2 min to actually do 
the prescription and orders. In a typical visit 
where we deal with 5- 7 different topics, I often 
have no dedicated time to do prescriptions and 
have to do it while talking about something else 
and I can't read any of these pop ups in that 
context. 
Participant #173, attending physician, family 
medicine, male, age forties, medically under-

served community

The reality is I don't know enough about phar-
macogenomics to interpret this. I would then 
have to refer to MTM for consult on best op-
tions, which delays treatment. I would likely 
just switch to another drug, which may pop up 
a similar alert. At that point I would go away 
from any SSRI, or just click something to get it 
to go away and prescribe anyway, thus defeat-
ing the purpose of the alert. 
Participant #299, attending physician, family 
medicine, male, age forties, medically under-

served community

In contrast, four of the six topics (67%) for the sim-
ple AI- enhanced alert (Alert 2) had positive sentiments, 
including decision- making utility, stress reduction, and 
user- friendly design:

There is not much fluff in the alert, therefore it 
is more likely to be read compared to the first 
one. It also has the information presented in an 
easy to understand format and the specifics of 
my patient that are pertinent to medication de-
cision making. 

Participant #57, resident/fellow physician, 
neurology, female age twenties, Florida

This gives me more confidence about what 
I am prescribing and helps dictate next steps 
better. It also helps me set expectations with the 
patient. 

Participant #190, resident/fellow physician, 
family medicine, female, age twenties, medi-

cally underserved community

However, clinicians also noted that Alert 2 may dis-
courage citalopram prescriptions in favor of drugs without 

F I G U R E  3  Alert scores and alert 
preference by specialty and age. (a) 
Bonferroni- corrected significance of post 
hoc pairwise t- tests following repeated 
measures analysis of variance (ANOVA). 
****P < 0.0001. (b) Predicted probabilities 
of alert preference by age and specialty 
category for Alert 1 (Generic alert), (c) 
Alert 2 (AI- Enhanced [simple]), and (d) 
Alert 3 (AI- Enhanced [gene details]). 
Multinomial logistic regression analyses 
utilized the generic alert was designated 
as the referent outcome. Probabilities 
were modeled based on fit extracted 
from multinomial logistic regression and 
applied to a synthetic dataset spanning the 
observed age range (24–75 years) for each 
specialty.
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pop- ups, lacks utility for side effects and dosing counsel-
ing, and may appear too late in the appointment:

74% chance seems high likelihood of remis-
sion, but compared to what? Is there a different 
option that is ever higher likelihood? What if 
it was 24%, and I'm not getting that informa-
tion until I've already discussed the treatment 
options. The alert/information support is com-
ing too late to do anything valuable other than 
make me feel better/more confident in a deci-
sion I already made.

Participant #4, attending physician, 
internal medicine, female, age forties, 

Minnesota

I'd still prefer to hyperlink to the evidence that 
made the statement. By suggesting an outcome, 
you might not get a behavior change if that out-
come cannot be substantiated—the inquisitive 
nature of providers need to be given a way to 
confirm with evidence. 

Participant #83, attending physician, family 
medicine, male age fifties, medically under-

served community

Lastly, four of the six (67%) topics for Alert 3 (AI- 
enhanced gene details) had mixed sentiment topics regard-
ing the usefulness of genetic details in clinical practice, 

structure/readability of the alert, and evidence supporting 
the listed genomic biomarkers:

Same alert with distracting superfluous infor-
mation for most consumers…takes additional 
time to digest and this an impediment to patient 
care. 

Participant #21, attending physician, family 
medicine, male age forties, Arizona

Bringing up all those genes will confuse and 
frustrate the clinician. If the clinician can't ex-
plain it to the patient, that is another frustra-
tion. We are taught in med school not to order 
a lab we cannot explain…I can explain p450 to 
patient but have no idea what these other genes 
are. 

Study participant #5, attending physician, 
psychiatry, male, age fifties, Minnesota

DISCUSSION

This study demonstrated that clinicians found a sim-
plified AI- enhanced alert (Alert 2) more usable than 
a lengthier version containing details of pharmacog-
enomic predictors (Alert 3). As expected, both AI- 
enhanced alerts were preferred over a generic alert (Alert 
1), a non- individualized warning of CYP2C19- based 

F I G U R E  4  NLP summarized topics. Topics were determined from the extraction of top documents (N = 5) in topic modeling and 
summarized using the bidirectional and autoregressive transformers (BART). In abstractive summarization, the output text may contain 
words and phrases that did not appear in the source text yet succinctly convey the same meaning. BART- summarized text output was 
reviewed and refined by two independent human interpreters. Color represents topic sentiment as determined independently by two 
independent human interpreters: Green, positive sentiment; pink, negative sentiment; yellow, mixed sentiment.
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variation in citalopram efficacy or side effects. Greater 
usability coincided with clinician reports that the pre-
dicted efficacy percentage was helpful in Alert 2 (the 
preferred alert) for improving perceived stress compared 
with the generic alert. The qualitative analyses in this 
study added important context to the numerical survey 
responses. Taken together, these findings indicate that 
alerts which provide a quantitative likelihood of drug 
response may improve EHR- driven clinician stress in 
the era of digital medicine.

This study supplemented ITA with NLP analysis of 
qualitative, free- text survey responses that enabled rapid 
identification of major themes in a data- driven man-
ner. This helped support and validate codes and themes 
derived from human reviewers, which are subject to 
human interpretation. NLP- derived topics overlapped 
with ITA- derived themes, indicating that relatively rapid 
NLP techniques serve as useful tools for analyzing survey 
responses. NLP found that sentiments regarding Alert 2 
were largely positive and centered around its patient- 
specificity, high actionability, and user- friendliness. NLP 
also uncovered perceived shortfalls in Alert 2, including 
inadequate information on inputs (genomic, clinical vari-
ables), insufficient guidance on predicting adverse events, 
appearance too late in the appointment, and a necessity 
for providing alternate antidepressant recommendations. 
This aligns with current wisdom that physicians strongly 
resist suggestions to avoid actions when alternatives are 
not offered, even when the actions are counterproduc-
tive.44 Additional research is needed, as most existing 
 algorithms are derived from pools of patients taking one 
of several antidepressants, and there is a scarcity of robust 
models predicting side effects.25–27,45

The relatively lower overall preference for Alert 3 
(the gene details alert), along with several participants 
expressing the need for a pharmacogenomics consult 
to interpret the alert, highlight the potential need for 
tailored education or easy- to- navigate consultative fea-
tures. This will be especially critical as the complexity of 
genomic information increases. In one effort to enhance 
education surrounding new gene- drug associations, 
organizations such as the Clinical Pharmacogenetic 
Implementation Consortium (CPIC) evaluate the qual-
ity and actionability of gene- drug associations.46 CPIC 
also provides a corresponding language for pharma-
cogenomic alerts, for example, suggesting alternative 
dosing dependent on CYP2C19 phenotypes.47 Clinician 
responses demonstrate greater familiarity with CYP450 
genes compared with pharmacodynamic genes in alerts 
2 and 3. Developing and implementing language in 
CPIC for multicombinatorial algorithms which include 
pharmacodynamic markers would be one path toward 
facilitating ongoing education around novel gene- drug 

associations and the basics of AI- based tools. Such ef-
forts are imperative, as numerous participants reported 
that they would simply avoid prescribing drugs with PGx 
pop- ups due to limited education. This behavior change 
may be attributed to a discomfort utilizing information 
that is incompletely understood in the context of lim-
ited appointment time, as supported by a separate inves-
tigation which showed that providing PGx test results to 
clinicians who have limited PGx experience reduces the 
prescription of medications with predicted drug–gene 
interactions, regardless of whether patients possess the 
risk genotypes.48 Several government and academic in-
stitutions, as well as consortia (e.g., PharmGKB) offer 
online PGx education courses.

While most clinicians preferred a simplified alert, 
however, some favored the inclusion of genetic details. 
Preference may be specific to age and specialty. With 
higher age, internists increasingly preferred the simplified 
version, while later career family medicine clinicians re-
ported a preference for the detailed alert. Psychiatrists, in 
contrast, showed higher preference across all ages for the 
detailed alert. This may be due to increased awareness by 
psychiatrists of pharmacogenomic variations in the effi-
cacy of antidepressants, which they regularly prescribe. 
Alternatively, it may be an unfamiliarity with the listed 
pharmacogenomic markers that psychiatrist experts may 
be less willing to trust than clinicians with other exper-
tise. Future work should aim to clarify these associations. 
Likely, no singular alert may satisfy the span of divergent 
clinician needs across healthcare systems and clinical 
domains.49 Rather, as medicine becomes increasingly in-
tertwined with analytics, individualized medicine efforts 
must consider both patient-  and clinician- specific char-
acteristics when determining the best implementation of 
algorithm- based alerts.50

This study has limitations. Sample size limitations 
prevented further analysis of the divergence in alert 
preference across specialties by age. Although ours was 
a multisite study, all sites were part of Mayo Clinic, 
and therefore, may not be fully representative of other 
healthcare settings. Confirmatory evaluation is needed 
with validation beyond a single healthcare enterprise. 
Additionally, only citalopram PGx alerts were evaluated 
presently. Future studies may extend the investigation to 
additional drugs with different indications and side ef-
fect profiles. Likely, these will replicate themes presently 
uncovered, such as the desirability of concise alerts, with 
links to Supporting information, and benefits of patient- 
specific genetic profiles. Future studies can move beyond 
clinician sentiments to evaluate how each alert impacts 
clinician performance (e.g., accuracy of prescribing de-
cisions or correct interpretation of information), which 
were not presently investigated. Additionally, NLP and 
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ITA outputs were interpreted by two reviewers; univer-
sal agreement in interpretations cannot be guaranteed. 
Finally, while this work investigated utility of PGx alerts 
at the point of prescribing, it has been suggested that cli-
nicians be alerted if a PGx test shows an actionable vari-
ant, prompting medication review and corrective action, 
if necessary, before the start of a clinical encounter.3 The 
total volume of drug alerts encountered in clinical prac-
tice may be expected to be composed of alerts that are 
both accurate and applicable (or perhaps even appropri-
ately individualized) to a given patient, which may then 
result in cancellation or modification of the order. On 
the other hand, appropriate alerts are often mixed with a 
high number of alerts with limited to no applicability to 
the patient being seen at the point of care. Prior work has 
shown that fewer alerts encountered per day were asso-
ciated with increased alert salience, possibly as a result 
of lower alert fatigue, a higher concentration of appro-
priate alerts, or both.51 Our work sought instead to iden-
tify a quantum of information provided in citalopram 
drug alerts deemed useful by clinicians—an important 
design consideration that may bear on the risk of alert 
fatigue. However, this work does not address possible as-
sociations of the cognitive/manual steps needed for cor-
rective actions when such alerts are encountered with 
the risk of alert burden, nor does it address the potential 
but foreseeable benefits of specifying individualized and 
actionable alternatives coupled with an efficient inter-
face for order modification.

In conclusion, this study revealed that clinicians pre-
fer a simplified, patient- specific alert with optional links 
to Supporting information among three genome- guided 
alerts for citalopram. Prior work established that the op-
timal PGx alert design contains only actionable informa-
tion, and the present study builds upon this principle to 
demonstrate that patient- specific probabilities of drug 
efficacy and additional highlighted suggestions are ways 
to improve actionability. Continued engagement with 
clinical end- users and enhanced clinician education on 
emerging EHR- based AI tools is imperative to their suc-
cessful integration into clinical workflows. Pursuant to 
this goal, NLP- enhanced analytics may become indis-
pensable methods to efficiently analyze qualitative infor-
mation from digital surveys of healthcare providers. In 
the era of digital medicine, clinicians will be increasingly 
exposed to electronic drug alerts to facilitate safe prescrib-
ing, which may also escalate the risks of alert fatigue and 
burnout. Alert design must be carefully considered such 
that alerts augment, rather than hinder, clinical care. 
Accordingly, design preferences elucidated presently 
should be considered as part of organizational strategies 
to reduce clinician EHR- related stress and to improve pa-
tient care.
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