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Abstract

Objective: To compare the clinicians’ characteristics of “high adopters” and “low adopters” of an arti-
ficial intelligence (AI)eenabled electrocardiogram (ECG) algorithm that alerted for possible low left
ventricular ejection fraction (EF) and the subsequent effectiveness of detecting patients with low EF.
Methods: Clinicians in 48 practice sites of a US Midwest health system were cluster-randomized by
the care team to usual care or to receive a notification that suggested ordering an echocardiogram in
patients flagged as potentially having low EF based on an AI-ECG algorithm. Enrollment was between
June 26, 2019, and July 30, 2019; participation concluded on March 31, 2020. This report is focused
on those clinicians randomized to receive the notification of the AI-ECG algorithm. At the patient
level, data were analyzed for the proportion of patients with positive AI-ECG results. Adoption was
defined as the clinician order of an echocardiogram after prompted by the alert.
Results: A total of 165 clinicians and 11,573 patients were included in this analysis. Among patients
with positive AI-ECG, high adopters (n¼41) were twice as likely to diagnose patients with low EF
(33.9%) vs low adopters, n¼124, (16.9%); odds ratio, 1.62; 95% CI, 1.21 to 2.17). High adopters were
more often advanced practice providers (eg, nurse practitioners and physician assistants) vs physi-
cians, Family Medicine vs Internal Medicine specialty, and tended to have less complex patients.
Conclusion: Clinicians who most frequently followed the recommendations of an AI tool were twice
as likely to diagnose low EF. Those clinicians with less complex patients were more likely to be high
adopters.
Trial registration: Clinicaltrials.gov Identifier: NCT04000087.
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A rtificial intelligence (AI) has prom-
ised to augment decision-making
for clinicians in health care for de-

cades. Recent advances and the adoption of
electronic health records (EHRs) and the
ability to apply machine learning to this
enormous data repository have now made
it possible to use AI to improve diagnostic
accuracy and refine treatment plans.1,2
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Specialties that rely heavily on waveform
and imaging data are gaining a solid foothold
in using machine learning to improve diag-
nostic accuracy, develop effective treatment
plans, and enhance efficiencies.3-5 Primary
care has been slower to realize the benefits
of AI.6-8 The complexities of the undifferen-
tiated patient presentations, lack of data
standardization, and clinician trust in
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machine-based learning are just a few rea-
sons for this slow adaptation.9 On the other
hand, several studies have shown improved
diagnostic accuracy, patient triage, and cler-
ical burden reduction.10,11 The potential for
AI to transform primary care is enormous.
An AI tools’ effectiveness in improving clin-
ical outcomes depends on its adoption by
front-line clinicians, where “the rubber
meets the road.”12 To date, few studies
examine the characteristics of clinicians
who readily embrace AI tools
(high adopters) vs those who are more hesi-
tant (low adopters) and the clinical out-
comes associated with these two approaches.

In the recently published EAGLE
(ECG AI-Guided Screening for Low Ejec-
tion Fraction) study, Yao et al13,14 tested
the real-world applicability of an AI algo-
rithm designed to detect low left ventric-
ular ejection fraction (EF) by analyzing
routine electrocardiograms (ECGs).13,14

In this study, 358 primary care clinicians
were randomized to either an intervention
group (access to AI screening results) or a
control group (usual care) across 48 up-
per Midwest clinics/hospitals. The pri-
mary endpoint was a new diagnosis of
EF less than or equal to 50% within 3
months. The study showed an increase
in detecting low EF from 178 (1.6%) in
the control group to 244 (2.1%) for the
intervention group (odds ratio, 1.32;
95% CI, 1.01 to 1.61]; P¼0.007).

Early diagnosis of low EF, particularly in
asymptomatic patients, is critical in reducing
lifetime risk of mobility and mortality.15-17

Given this impact, and the results of the EA-
GLE study, we chose to dive deeper into the
data to better understand the clinician char-
acteristics that are key to driving adoption.
Adoption was defined as the clinician
ordering an echocardiogram within 3
months after receiving the AI-ECG alert.
Echocardiograms are considered the test of
choice for the definitive diagnosis of left ven-
tricular dysfunction.16

To better understand the complexities of
AI adoption in the clinical setting, we
compared clinician- and patient-level
Mayo Clin Proc. n XXX
characteristics of those more likely to
respond to the prompted recommendation
of the AI algorithm with those less likely to
respond in the EAGLE study’s intervention
arm.13 By further assessing this group of cli-
nicians, we identified characteristics associ-
ated with adoption of the AI tool and
compared the effectiveness of each group
in detecting low EF.

METHODS
This is a secondary analysis of data from a
pragmatic, cluster randomized controlled
trial comparing AI-guided ECG-based
screening for low EF with usual care in 48
Mayo Clinic primary care practices,
including an academic medical center and
community and rural clinics across Minne-
sota and Wisconsin. Clinicians in the inter-
vention arm received an AI screening result
when a clinically indicated ECG was or-
dered; those in the control arm received a
standard ECG report. The original study
was approved by the Mayo Clinic Institu-
tional Review Board, in accordance with
the Declaration of Helsinki. The trial was
registered (ClinicalTrials.gov number
NCT04000087), and the study protocol
and materials have been previously
published.13

Participant Data
This analysis includes 165 clinicians from 60
care teams that were randomized to the
intervention group (ie, received results of
an AI ECG that detects possible ventricular
dysfunction) (Figure). Primary care clini-
cians included physicians, nurse practi-
tioners (NPs), and physician assistants
(PAs), organized in teams that provide care
for empaneled adult patients (�18 years of
age). A panel is defined as the number of pa-
tients assigned to an individual clinician.
Clinicians in the pediatric care teams, resi-
dent care teams, acute and urgent care
teams, and nursing home care teams were
excluded.

To measure the individual patient
complexity, we used the Johns Hopkins
Adjusted Clinical Groups (ACG) score.
2022;nn(n):1-10 n https://doi.org/10.1016/j.mayocp.2022.04.008
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Primary care clinicians (n=525)

Clinicians declined / did not respond (n=167)

Clinicians agree to participate (n=358)

Clinicians randomized to usual care (n=177)

Randomized to intervention arm (n=181)

Clinicians with 0 positive ECG results (n=16)

Clinicians with 1+ positive ECG results
(n=165)

Patients with ECG between 8/5/2019 and
3/30/20 managed by these clinicians

(n=16,468)
Exclusions:
 • Patients <18 years (n=306)
 • Prior EF 50 or documented evidence of
    HF (n=3,471)
 • No research authorization (n=1,118)

Patients in final cohort (n=11,573)

FIGURE. Flowchart of participants. ECG ¼ electrocardiogram; EF ¼ ejection fraction; HF ¼ heart failure.

AI ALGORITHM TO DETECT LV SYSTOLIC DYSFUNCTION
Scores are normalized for our organization
with the average set at 1. Scores greater
than 1 suggest higher than average patient
complexity, and those less than 1 suggest
lower complexity.
Setting
Clinical data were collected using EHRs. A
patient’s data was included in the analysis
if the patient was 18 years of age or older
and had received an ECG for any indication
between August 5, 2019, and March 31,
2020. Only the first ECG of an individual pa-
tient was considered for the decision to order
an echocardiogram within the study period.
Patients’ data were excluded if they had
known EF less than or equal to 50%, or a
history of heart failure before the ECG, or
if they did not provide authorization to use
their data for research.

Demographics and subjective data
(ie, comfort level with patients with low
EF) on clinicians were collected using a
Mayo Clin Proc. n XXX 2022;nn(n):1-10 n https://doi.org/10.1016/j.
www.mayoclinicproceedings.org
survey that was administered at the time
the clinician enrolled in the trial.

Treatment
The AI algorithm was embedded in the EHR
to automatically generate a screening report
every time an ECG was performed. Clinicians
in the intervention group had access to the
AI-ECG screening report, which displayed
the AI-ECG screening as positive or negative.
When the screening result was negative, the
recommendation was “no further testing un-
less indicated by other symptoms or condi-
tions.” When the screening result was
positive, the recommendation was to
“consider ordering an echocardiogram.”
Electrocardiograms were considered positive
if the probability of having low EF was higher
than a threshold selected to have similar
sensitivity and specificity for a cohort with a
prevalence of 9.0%.14 In addition to the
EHR report, the intervention group clinicians
also received an email alert when their pa-
tients had a positive screening result.
mayocp.2022.04.008 3
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Outcomes
Adoption of AI was defined at the clinician
level by dividing the number of echocardio-
grams for AI-positive ECGs by the total
number of AI-positive ECGs. Each clinician
was then categorized into either the high
adopter group (top quartile) or low adopter
group (lower three quartiles). High adopters
ordered echocardiograms for at least 64.3%
(third quartile of the distribution) of pa-
tients that had an AI-positive ECG. The pri-
mary outcome was the impact of adoption
on the clinical outcome of low EF, and
the provider characteristics associated with
adoption.

Statistical Analysis
At the clinician level, baseline characteristics
were assessed for differences between the
high-adopter and low-adopter groups using
unadjusted Student t tests and c2 tests for
continuous and categorical variables. Multi-
variable logistic regression was then used
to assess the association of a subset of these
variables with the high-adopter group. We
also conducted a sensitivity analysis using a
negative binomial regression with the same
subset of variables and the AI adoption pro-
portion to see if any associations existed that
were not present in the high- or
low-adoption groups. Hypertension, dia-
betes, myocardial infarction, peripheral
artery disease, and atrial fibrillation were
determined using a validated natural
language processing program to abstract
clinical notes.18 Valvular heart disease and
chronic kidney disease were determined
using diagnosis codes.

At the patient level, the proportion of AI-
positive patients with low EF was compared
between patients of clinicians within the
high-AI adopter group and the patients of
clinicians within the low-AI adopter group.
Mixed-effect logistic regression was used to
compare low EF incidence between the
high-adopter and the low-adopter groups
with the care team as a random effect. Data
management was conducted, and analyses
were performed using SAS 9.4 (SAS Institute
Inc., Cary, NC, USA) and R 4.0.3.19
Mayo Clin Proc. n XXX
RESULTS

Clinician and Patient Characteristics
Among the 165 clinicians randomized to the
intervention arm, 112 (67.9%) were physi-
cians, and 53 (32.1%) were NP/PAs. Spe-
cialty representation was 118 (72.4%)
family medicine and 45 (27.6%) internal
medicine. Clinicians’ mean age (SD) was
45.1 (10.3) years, 87 (55.8%) were female,
and 135 (92.5%) were White. The average
clinician length in practice (SD) was 13.3
(10.3) years (Table 1).

A total of 11,573 adult patients had
ECGs ordered by clinicians in the interven-
tion arm. Patients had a mean (SD) age of
60.5(17.6) years; 53.9% were women;
94.3% were White; 50.1% lived in rural
areas; 16.8% of the patients had a prior echo-
cardiogram. Multiple chronic conditions
were documented with hypertension
(56.1%) and diabetes (20.6%) being the
most prevalent (Table 2).
High Adopter vs Low Adopter
Characteristics
A greater proportion of the NP/PAs 20,
(37.7%) were high adopters compared with
physicians 21, (18.8%0; P¼.008). Clinicians
in family medicine 33, (28.0%) were more
likely than those in internal medicine 7,
(15.6%; P¼.010) to be high adopters. High
adopters had a lower average patient ACG
complexity score (P¼.002). Although not
statistically significant, high adopters re-
ported feeling less comfortable caring for pa-
tients with low EF (P¼.06). Variables that
were significant in the univariate model
(NP/PA vs physicians, family medicine vs in-
ternal medicine, and patient panel
complexity) were no longer significantly
associated with adoption in a multivariable
logistic regression analysis.
Effectiveness of Detecting Low EF
High adopters were twice as likely to identify
low EF as low adopters in patients with an
AI-positive ECG (Table 3). Clinicians in
the highest quartile of AI adoption ordered
echocardiogram’s after a positive AI result
2022;nn(n):1-10 n https://doi.org/10.1016/j.mayocp.2022.04.008
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TABLE 1. Baseline Characteristics of 165 Midwest Clinicians Notified of AI Electrocardiogram Resultsa

Characteristics
Low adopter
(n¼124)

High adopter (in Q3)
(n¼41) Total (N¼165)

Unadjusted
P value

Mean age (SD), y 45.1 (10.3) 45.3 (10.2) 45.1 (10.3) .83

Missing 11 6 17

Sex, n (%) .13

Male 57 (47.5) 12 (33.3) 69 (44.2)

Female 63 (52.5) 24 (66.7) 87 (55.8)

Missing 4 5 9

Race, n (%) .68

White 103 (92.0) 32 (94.1) 135 (92.5)

Non-White 9 (8.0) 2 (5.9) 11 (7.5)

Missing 12 7 19

Position, n (%) .008

Physician 91 (73.4) 21 (51.2) 112 (67.9)

NP/PA 33 (26.6) 20 (48.8) 53 (32.1)

Specialty, n (%) .10

Family medicine 85 (69.1) 33 (82.5) 118 (72.4)

Internal medicine 38 (30.9) 7 (17.5) 45 (27.6)

Missing 1 1 2

Mean years in practice (SD) 13.3 (10.6) 13.3 (9.7) 13.3 (10.3) 0.87

Missing 16 8 24

Mean years in current care team (SD) 8.6 (8.7) 9.1 (8.6) 8.7 (8.7) .79

Missing 22 8 30

In the past 12 months, what percent of your time do
you work in direct patient care? n (%)

.59

0-75 22 (18.2) 8 (22.2) 30 (19.1)

76-100 99 (81.8) 28 (77.8) 127 (80.9)

Missing 3 5 8

How comfortable are you managing patients with LV
dysfunction? n (%)

.06

Somewhat comfortable or less 44 (36.7) 19 (54.3) 63 (40.6)

More than somewhat comfortable 76 (63.3) 16 (45.7) 92 (59.4)

Missing 4 6 10

How often do you consult cardiology for the
management of LV dysfunction? n (%)

.18

Somewhat often or less 91 (75.2) 23 (63.9) 114 (72.6)

More than somewhat often 30 (24.8) 13 (36.1) 43 (27.4)

Missing 3 5 8

Mean number of patients in panel (SD) 1009 (543) 880 (467) 976 (527) .21

Missing 5 1 6

Average ACG score of paneled patients (SD) 1.4 (0.75) 1.1 (0.54) 1.3 (0.72) .002

Missing 6 1 7
aAI ¼ artificial intelligence; NP ¼ nurse practitioner; PA ¼ physician assistant.

AI ALGORITHM TO DETECT LV SYSTOLIC DYSFUNCTION
at the rate of 78.7% (n¼100) as compared
with 43.0% (n¼243) in the lower three quar-
tiles. Of the 100 echocardiograms ordered in
Mayo Clin Proc. n XXX 2022;nn(n):1-10 n https://doi.org/10.1016/j.
www.mayoclinicproceedings.org
response to a positive AI result by high
adopters, 43 showed an EF less than 50%
(43.0%). Low adopters ordered a total of
mayocp.2022.04.008 5
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TABLE 2. Patient Characteristicsa,b

Characteristic
Treatment
(N¼11,573)

Mean age (SD), y 60.5 (17.5)

18-64 6256 (54.1)

65-74 2764 (23.9)

�75 2553 (22.1)

Female 6080 (52.5)

Race

White 10,926 (94.4)

Black or African American 201 (1.7)

Asian 145 (1.3)

Other 254 (2.2)

Unknown/declined/missing 47 (0.4)

Rural 6323 (54.6)

Medical history

Hypertension 6491 (56.1)

Diabetes 2347 (20.3)

Myocardial infarction 770 (6.7)

Peripheral artery disease 411 (3.6)

Stroke or transient ischemic
attack

409 (3.5)

Prior atrial fibrillation 991 (8.6)

New atrial fibrillation on index
ECG

246 (2.1)

Valvular heart disease 129 (1.1)

Chronic kidney disease 1373 (11.9)

Prior echocardiogram 1903 (16.4)

Location of ECG ordered

Outpatient clinic 6043 (52.2)

Emergency room 4411 (38.1)

Hospital 1119 (9.7)
aECG ¼ electrocardiogram.
bValues shown are n (%) unless otherwise stated.
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243 echocardiograms, with 92 showing low
EF (37.9%). This translates to a diagnostic
yield (proportion of AI-positive with
confirmed low EF) of 33.9% in high adopters,
and 16.3% for low adopters (P<.001). When
analyzing AI-negative ECGs, we found no dif-
ference between high and low adopters in
both the number of echocardiograms ordered
or the number of patients identified with low
EF (P¼.46). To assess whether our findings
were related to differences in patient
complexity, we conducted a sensitivity anal-
ysis to assess the impact of the patient
complexity on the diagnostic yield using a
Mayo Clin Proc. n XXX
propensity matched cohort and found similar
results to primary analysis.

In a multivariable logistic regression
model, high adopters maintained a signifi-
cantly greater likelihood of detecting low
EF compared with low adopters’ odds ratio
(1.62; 95% CI, 1.21-2.17).

DISCUSSION
Artificial intelligence is poised to transform
medicine by enabling the diagnosis of occult
and early disease. However, to impact hu-
man health, AI tools must be adopted by cli-
nicians. AI tools developed by specialists can
only offer broad benefit to patients if primary
care provider adoption actualizes an AI tool’s
clinical utility. We found wide variation in
the rate of adoption of AI recommendations.
Importantly, those who responded to the AI
prompt and ordered an echocardiogram
were significantly more likely to identify
left ventricular dysfunction in their patients
(33.9% vs 16.3%, P<.001). This is important
given the large body of trial evidence and
numerous professional society guidelines
showing improved outcomes, diminished
morbidity, and decreased mortality with
early treatment of ventricular
dysfunction.20,21

System and technology factors influence
adoption of EHR and computer-based AI-
enabled decision support tools.22-24 In gen-
eral, computer literacy is an important pre-
dictor in the successful adoption of clinical
decision support tools and AI-enabled tools
may require even higher technical profi-
ciency.25,26 We hypothesized that early
adopters would be younger and have less
complex patient panels. We also hypothe-
sized that advanced practice providers
(APPs), who generally have fewer complex
panels, would more likely be high adopters
than physicians. This hypothesis was
assumed based on the perception that
younger clinicians would be more facile
with computer-based technology and
received greater exposure during their
training. Several studies have suggested
younger age as a characteristic of early adop-
tion in the use of digital health tools.27,28

One study assessing characteristics of early
2022;nn(n):1-10 n https://doi.org/10.1016/j.mayocp.2022.04.008
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TABLE 3. Comparison of Diagnostic Yield between Low and High Adoptersa,b

No of
ECGs

Echocardiograms
performed, n (%)

Echocardiograms
with low EF, n (%)

Diagnostic
Yield, %b P

AI-positive ECGs <.001

Low Adopter 565 243 (43.0) 92 (37.9) 16.3

High Adopter 127 100 (78.7) 43 (43.0) 33.9

AI-negative
ECGs

.46

Low Adopter 8788 1502 (17.1) 85 (5.7) 1.15

High Adopter 2093 377 (18.0) 24 (6.4) 0.97
aAI ¼ artificial intelligence; ECG ¼ electrocardiograms.
bProportion of ECGs that were diagnosed with low EF.

AI ALGORITHM TO DETECT LV SYSTOLIC DYSFUNCTION
and late adopters in the clinical use of per-
sonal digital assistant, found early adopters
to be younger with less clinical experience
and more facile with the use of technology.29

There is some evidence that primary care
physicians are more likely to adopt EHR
technology.27,30 We found little evidence
suggesting APPs, or clinicians with less com-
plex patients, show higher adoption rates of
decision support tools.

Our results in the unadjusted analysis
show that high adopters tended to be APPs
compared with physicians and had a lower
average patient panel complexity. We also
saw a trend in family physicians and those
with lower comfort level in managing pa-
tients with low EF being more likely to be
high adopters. However, in the adjusted
analysis, we found no evidence that APPs
or clinicians with less complex patient
panels had a higher adoption rate of decision
support tools. Perhaps with a larger sample
size, these characteristics would have main-
tained their significance in the adjusted anal-
ysis. We did not find significant differences
in several other important variables,
including age, sex, number of years in prac-
tice, or the number of patients cared for in a
panel.

It is equally interesting to note those fac-
tors that were not significantly associated
with AI adoption. Age was not associated
with the high-adopter group. This suggests
that age may have less of an impact on a pro-
vider’s willingness to trust a digital diag-
nostic decision aid. Perhaps, with increased
Mayo Clin Proc. n XXX 2022;nn(n):1-10 n https://doi.org/10.1016/j.
www.mayoclinicproceedings.org
experience with EHRs, age may no longer
be an important factor in determining accep-
tance of new technology. If this finding is ac-
curate, it shows a deviation between popular
perception and actual application. These re-
sults suggest tailoring intervention training
based on provider age would be an unneces-
sary use of time and resources.

In patients with an AI-flagged ECG, high
adopters were twice as likely to detect low
EF compared with low adopters (33.9% vs
16.2%). When analyzing outcomes from pa-
tients with negative AI-ECGs, we did not
find a difference in the echocardiogram or-
der rate between the two groups, suggesting
that high adopters were not just indiscrimin-
ately ordering more echocardiogram testing.
In fact, despite doubling the diagnostic yield,
the high-adopter group only ordered 35%
more echocardiograms in those patients
flagged by the AI-ECG. This is rather
remarkable given that the high-adopter
group tended to be an APP and have less
complicated patient panels, suggesting that
their patients may be less likely to have un-
diagnosed low EF.

Because patients with asymptomatic low
EF have a higher incidence of chronic med-
ical problems, such as atherosclerotic heart
disease, hypertension, atrial fibrillation,
rheumatoid arthritis, and diabetes, we ex-
pected the high-adopter group to have fewer
patients with low EF.16,31,32 However, we
found that adjusting for patient complexity
had no effect on the diagnostic yield of the
AI algorithm. This finding would indicate
mayocp.2022.04.008 7
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that, when trusted, the algorithm improves
accuracy and reduces variability in detecting
patients with low EF. If the low-adopter
group had used it to a greater degree, more
patients with low EF would likely have
been identified.

This study highlights the power of
collaboration between a specialty practice
(cardiology) and primary care. Given the
highly technical nature of AI in health care,
it is often initiated and developed in aca-
demic specialty practices. Applications of
these tools within these practices expose
them to relatively smaller patient popula-
tions with higher disease prevalence. In the
case of this study, primary care has an expo-
nentially greater opportunity to impact the
devastating effects of left ventricular
dysfunction when this tool is applied to their
patient populations. To maximize AI’s bene-
fits in health care, more collaboration is
needed between specialty practices and pri-
mary care.

Study Limitations
We included 165 primary care clinicians
within an integrated, multispecialty health
system across three Midwest states, and the
findings might not be generalizable to clini-
cians in other health systems or specialties.
Other health care organizations may differ
in their patient population, distribution of
cardiac disease prevalence, race and
ethnicity, socioeconomic status, and rural
vs urban distribution. Provider characteris-
tics may also differ in other institutions
including ratios of APPs to physicians, scope
of practice, care team structure, and specialty
availability. However, this is one of the
largest studies to investigate AI implementa-
tion in primary care and provides important
insights into the emerging field of AI-
enabled clinical decision support. In addi-
tion, we reported clinician behavior (ie, an
echocardiogram was ordered and per-
formed) and the outcome (eg, diagnosis of
low EF), but there are many scenarios where
not ordering an echocardiogram is appro-
priate (eg, patient preference, cost, or other
clinical justification). Also, we do not fully
understand the rationale behind the
Mayo Clin Proc. n XXX
clinician’s decision not to order an echocar-
diogram after a positive ECG. It is certainly
plausible other factors appropriately out-
weighed the echocardiogram recommenda-
tion. Lastly, our definition of adoption was
based on echocardiogram order and comple-
tion rate. Other researchers have used vali-
dated scales to more precisely characterize
clinicians who are more or less likely to
use digital tools.33
CONCLUSION
Primary care clinicians who were higher
adopters of an AI-enabled clinical decision
support tool were twice as likely to diagnose
low EF than low adopters. Clinicians most
likely to follow through with the recommen-
dations of the AI decision aid tended to be
less experienced in dealing with complex pa-
tients. This underscores the importance of
clinician education and engagement, and AI
systems that integrate seamlessly into the
workflows of busy caregivers.
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