
Artificial Intelligence Tools for Preconception Cardiomyopathy 
Screening Among Women of Reproductive Age

ABSTRACT
PURPOSE Identifying cardiovascular disease before conception and in early pregnancy can 
better inform obstetric cardiovascular care. Our main objective was to evaluate the diagnos-
tic performance of artificial intelligence (AI)-enabled digital tools for detecting left ventricu-
lar systolic dysfunction (LVSD) among women of reproductive age.

METHODS In a pilot cross-sectional study, we enrolled an initial cohort of 100 consecutive 
women aged 18-49 years who had a primary care physician and a scheduled echocardiog-
raphy at Mayo Clinic Florida (Jacksonville) (cohort 1). Twelve-lead electrocardiography (ECG) 
and digital stethoscope recordings (single-lead ECG + phonocardiography) were performed 
on the date of echocardiography. We used deep learning to generate prediction probabili-
ties for LVSD (defined as left ventricular ejection fraction <50%) for the 12-lead ECG (AI-
ECG) and stethoscope (AI-stethoscope) recordings. In a second cohort of 100 participants, we 
enrolled consecutive women seen in primary care to estimate the prevalence of positive AI 
screening results when deployed for routine use (cohort 2).

RESULTS The median age of participants was 38.6 years (quartile 1: 30.3 years, quartile 3: 
45.5 years), and 71.9% identified as part of the non-Hispanic White population. Among 
cohort 1, 5% had LVSD. The AI-ECG had an area under the curve of 0.94, and the AI-stetho-
scope (maximum prediction across all chest locations) had an area under the curve of 0.98. 
Among cohort 2, the prevalence of a positive AI screen was 1% and 3.2% for AI-ECG and 
the AI-stethoscope, respectively.

CONCLUSION We found these AI tools to be effective for the detection of cardiomyopathy 
associated with LVSD among women of reproductive age. These tools could potentially be 
useful for preconception cardiovascular evaluations.

Ann Fam Med 2025;23:246-254. https://doi.org/10.1370/afm.230627

INTRODUCTION

Cardiomyopathy is a major health threat during pregnancy1,2 and accounts for 
40% to 60% of late maternal deaths (43-365 days postpartum).1,3-5 Maternal 
death rates in the United States have unfortunately continued to increase 

over the past several years and are notably worse compared with other developed 
countries.6 It is estimated that more than 80% of maternal deaths are preventable.7,8 
Current guidelines recommend that interventions targeted at decreasing maternal 
mortality be considered at multiple time points including preconception, during 
pregnancy, and the postpartum period.9

Some forms of pregnancy-related cardiomyopathy, associated with left ventricular 
systolic dysfunction (LVSD), are believed to develop during late pregnancy or post-
partum. These include peripartum cardiomyopathy, characterized by a decrease in 
left ventricular ejection fraction (LVEF) to <45%,10 and ischemic cardiomyopathy sec-
ondary to pregnancy-related spontaneous coronary artery dissection.11 Other forms 
(eg, preexisting left ventricular dysfunction) might be undiagnosed before conception 
and become unmasked in late pregnancy or postpartum.12 In fact, the prevalence of 
asymptomatic LVSD in the general population is estimated to be 1% to 2%.13 Many 
young women do not undergo preconception evaluation, and approximately 42% of 
pregnancies in the United States are unplanned.14 Given the increasing prevalence 
of maternal mortality in the United States, largely driven by cardiovascular condi-
tions,1,2 there is a clear need to incorporate cardiovascular screening as part of routine 
primary care for young women. In addition, preconception counseling and evaluation 
should integrate cardiovascular screening to address this critical health issue.
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PRECONCEPTION CARDIOMYOPATHY SCREENING WITH AI

A deep learning algorithm, a form of artificial intelligence 
(AI), has shown effectiveness in identifying LVSD using data 
obtained during electrocardiography (ECG).15-18 This algo-
rithm has also been evaluated retrospectively among pregnant 
and postpartum women,19 and prospectively among adults 
seen in the primary care setting13 (mean age 61 years) in a 
clinical trial, and found to improve the diagnosis of LVSD. 
The main objective of the present study was to evaluate the 
diagnostic performance of AI-enhanced 12-lead ECG (AI-
ECG) and AI-enabled portable ECG + phonocardiography 
recorded with a digital stethoscope (AI-stethoscope) as 
potential tools for preconception LVSD screening among 
women of reproductive age seen in primary care.

METHODS
Study Design and Population
The study was designed as a cross-sectional observational 
pilot study. Inclusion criteria were individuals aged 18-49 
years, who identified as women, seen in any of the primary 
care clinics at Mayo Clinic Florida from October 29, 2021 
to August 25, 2022. The study was approved by the Mayo 
Clinic Institutional Review Board, and all participants pro-
vided informed consent.

Study participants were asked at screening if they were 
contemplating pregnancy or having a child soon. Those cur-
rently pregnant or ≤12 months postpartum were also allowed 
to participate. We excluded those who did not undergo 
study-related tests. Consecutive participants were enrolled 
in 2 cohorts. Cohort 1 participants were primary care clinic 
patients who were already scheduled/referred for an echo-
cardiogram as part of their ongoing medical care, and cohort 
2 participants were recruited during primary care clinic 
visit appointments. We used the Standards for Reporting 

of Diagnostic Accuracy Studies (STARD 2015) guideline 
for reporting the study design and results (Supplemen-
tal Appendix).

Measures
All participants underwent ECG recordings with a standard 
10-second 12-lead ECG and a digital stethoscope capturing 
15-second single-lead ECG + phonocardiography for up to 3 
locations across the chest wall (Figure 1). The time taken to 
perform both recordings, including placement and removal of 
the 12-lead ECG electrodes and digital stethoscope recording 
for 3 chest locations, was approximately 5 minutes.

For cohort 1, participants were identified before their 
scheduled echocardiography appointment and contacted by 
telephone, e-mail, or electronic health record portal mes-
sage. After providing informed consent, they were scheduled 
for a standard 12-lead ECG as well as portable single-lead 
ECG + phonocardiograms with a digital stethoscope on the 
same day as echocardiography. Twelve-lead ECGs were 
performed in the supine position by a hospital ECG techni-
cian or research study staff in keeping with standard clinical 
protocols. Portable ECG + phonocardiography was performed 
in a sitting or supine position with an Eko DUO  digital 
stethoscope (Eko Health Inc) placed on 3 chest locations (V2 
[approximate position of V2 electrode during acquisition of a 
standard 12-lead ECG], angled, and subclavicular) (Figure 1). 
Electrocardiography and digital stethoscope recordings were 
performed before or immediately after echocardiogram image 
acquisition. The echocardiogram results were not available to 
study staff at the time of ECG acquisition and digital stetho-
scope recording.

Transthoracic echocardiogram images were acquired 
by a trained sonographer and images interpreted by a car-
diologist using the American Society of Echocardiography 

Figure 1. Digital Stethoscope Recording Positions

V2 Angled Subclavicular
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PRECONCEPTION CARDIOMYOPATHY SCREENING WITH AI

guidelines20 in accordance with standard clinical protocols. 
The AI prediction results were not available to the cardiolo-
gist interpreting the echocardiography images. We included 
data from standard transthoracic echocardiography and 
stress echocardiography, with LVEF measurements obtained 
from resting images alone. The goal was to evaluate the 
performance of the AI-ECG and AI-stethoscope models in 
predicting LVSD, and the primary study outcome was the 
detection of cardiomyopathy associated with LVSD, defined 
as LVEF <50% in cohort 1. This definition is based on the 
most recent universal definition and classification of heart 
failure and includes heart failure with mildly reduced ejec-
tion fraction (LVEF 41%-49%) and heart failure with reduced 
ejection fraction (LVEF <40%).21 The criterion standard 
test was LVEF obtained from 2-dimensional transthoracic 
echocardiography.

For participants in cohort 2, positive AI-ECG prediction 
results were made available to their primary care clinician, 
and echocardiography was recommended. For this cohort, 
our objective was to evaluate the prevalence of positive AI 
screening results (indicating a likelihood of LVSD), neces-
sitating echocardiography, among women of reproductive age 
seen in the primary care clinic.

Artificial Intelligence Models
We used 2 previously developed AI models (based on deep 
learning), one using AI-ECG and the other using the AI-
stethoscope. The AI-ECG model is a convolutional neural 
network trained using Keras and TensorFlow (Google) draw-
ing on data from 98,000 unique patients. Details of model 
training and architecture have been published and validated 
for different patient populations and clinical settings.15,22,23 
The AI-stethoscope model, adapted from the AI-ECG model 
and retrained to use single-lead ECG as input, has been vali-
dated24,25 and modified to incorporate phonocardiography.26 
No additional model training or refinement 
was performed in the present study.

Statistical Analysis
Numeric variables are presented as median 
(interquartile range) and categorical vari-
ables as number (%). We conducted bivariate 
analyses using the nonparametric Wilcoxon 
rank sum test and Fisher exact test, as appro-
priate. We assessed the performance of the 
AI-ECG and AI-stethoscope models by cal-
culating the area under the receiver operating 
characteristic curve (AUC) in addition to 
other measures of diagnostic accuracy—sen-
sitivity, specificity, positive predictive value, 
and negative predictive value, along with 
associated 95% CIs. The following previously 
determined prediction probability thresholds 
were used: 0.256 for AI-ECG and 0.430 for 
the AI-stethoscope.

To evaluate for the presence of positive AI-screens in 
the study sample, the prevalence of a positive AI screen 
for LVSD was determined for the 12-lead ECG and digital 
stethoscope in cohort 2. Given that cohort 1 participants 
underwent echocardiography as part of ongoing clinical care, 
we assumed cohort 1 to be a higher-risk sample for which 
cardiomyopathy prevalence might not be reflective of that of 
the general clinic patient population. We also evaluated the 
agreement between positive and negative AI prediction prob-
abilities obtained from the standard 12-lead ECG and digital 
stethoscope. Missing or poor-quality data were excluded 
from analysis. We considered a P value <.05 to be statistically 
significant, and all analyses were conducted using R version 
4.2.2 (R Project for Statistical Computing).

RESULTS
A total of 200 women were recruited (100 in each cohort) 
(Figure 2). Table 1 summarizes the demographic and clini-
cal characteristics of participants in each cohort. The median 
age of participants in cohort 1 was 40.5 years (quartile 1: 32.5 
years, quartile 3: 45.7 years), and 73% of participants identi-
fied as White, 17% as Black, and 9% as Hispanic or Latino. 
One participant identified as a transgender woman, and all 
others identified as cisgender women. A total of 5%, 4%, and 
2% had an LVEF <50%, <45%, and ≤35%, respectively. At 
the time of enrollment, 3 participants were pregnant, 2 were 
≤12 months postpartum, and 95 were not pregnant. Preg-
nancy status was based on participant reports alone. Table 2 
lists echocardiographic parameters for cohort 1 stratified by 
LVEF status. Women with LVSD (LVEF <50%) tended to 
have a greater body mass index compared with those with-
out LVSD (34.3 vs 27.2). Left ventricular dimensions and 
mitral valve E/e` ratio were significantly increased among 
women with LVSD.

Figure 2. Study Flow Diagram

205 Women of childbearing 
age seen in primary care clinic

Screened and consented

103 Had a scheduled echo-
cardiogram appointment

3 Excluded: 
echocardiogram 
not performed

2 Excluded: 
electrocardiogram 

not performed

Final study sample

Cohort 1 (n = 100) Cohort 2 (n = 100)

102 Consecutive 
clinic patients
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Performance of AI-ECG Model (Based on 12-Lead ECG)
The AI-ECG model identified LVSD with an AUC of 0.94 
(95% CI, 0.88-1.00) for LVEF <50% (Table 3, Figure 3). 
Sensitivity, specificity, positive predictive value, and negative 
predictive value were 40%, 96%, 33%, and 97%, respec-
tively. A sensitivity analysis evaluating the performance 
of AI-ECG for detection of LVEF <45% is provided in 
Supplemental Table 1.

Performance of AI-Stethoscope Model (Based 
on Single-Lead ECG and Phonocardiogram)
Across all stethoscope positions, the highest numeric perfor-
mance for an individual stethoscope recording location was 
seen for the angled position (threshold value 0.430), with 
an AUC of 0.98 (95% CI, 0.96-1.00) for LVSD detection 
(Table 3). Sensitivity, specificity, positive predictive value, 
and negative predictive value were 80%, 94%, 40%, and 
99%, respectively. Using the maximum 
prediction (ie, taking into account all 
stethoscope positions and using the 
greatest prediction probability obtained 
to simulate how this device would be 
used in routine clinical care), the AUC 
was 0.98 (95% CI, 0.95-1.00). Sensitiv-
ity, specificity, positive predictive value, 
and negative predictive value were 
100%, 82%, 23%, and 100%, respec-
tively (Table 3, Figure 4). Sensitivity 
analyses evaluating the performance 
of the AI-stethoscope for detection of 
LVEF <45% and accounting for missing 
or poor-quality recordings are pro-
vided in Supplemental Tables 1 and 2, 
respectively.

Prevalence of Positive Artificial 
Intelligence Screen
We found the prevalence of a posi-
tive AI screen for LVSD to be low for 
cohort 2, at 1% (1/100) based on the 
12-lead ECG, 3.2% (3/95) based on 
the AI-stethoscope prediction (maxi-
mum prediction), and 0% (0/93) for the 
angled position. Follow-up echocar-
diography performed approximately 12 
weeks after the positive AI-ECG screen 
revealed a normal LVEF of 60%. Repeat 
12-lead ECG performed at the time 
of echocardiography had a negative 
AI screen for LVSD. For cohort 1, the 
prevalence of a positive AI screen was 
6% (6/100) for 12-lead ECGs and 22% 
for AI-stethoscope maximum predic-
tion (ie, any stethoscope position with 
a positive prediction was considered). 

Although this cohort was considered a higher-risk sample, 
given that they had already been referred for echocardiog-
raphy by their clinician. Overall, the AI-stethoscope had a 
greater false-positive rate and sensitivity compared with AI-
ECG, which had a lower false-positive rate and sensitivity.

Correlation Analysis/Agreement
In cohort 1, for which echocardiography results were avail-
able, we found that LVSD predictions from the AI-stetho-
scope showed fair agreement with predictions from the AI-
ECG, specifically with the angled position. The agreement 
analysis showed a 78% concordance (K = 0.132) for the stetho-
scope maximum prediction (Supplemental Figure 1), whereas 
the angled stethoscope position showed 89% concordance 
(K = 0.324) (Supplemental Figure 2) in dichotomous predic-
tions with 12-lead ECG. Overall, the AI-stethoscope had a 
greater rate of positive predictions for this cohort.

Table 1. Demographic and Clinical Characteristics of Study Sample

Characteristic
Cohort 1 
n = 100

Cohort 2 
n = 100

Total 
N = 200

P 
Valuea

Age at ECG, median (Q1, Q3) 40.5 
(32.5, 45.7)

35.6 
(28.5, 44.0)

38.6 
(30.3, 45.5)

.041

Gender, no. (%)    1.00
Female 99 (99.0) 100 (100.0) 199 (99.5)  
Transgender 1 (1.0) 0 (0) 1 (0.5)  

Race/ethnicity, no. (%)    .044
Hispanic/Latino 9 (9.0) 14 (14.0) 23 (11.5)
Non-Hispanic Black 17 (17.0) 9 (9.0) 26 (13.0)  
Non-Hispanic White 73 (73.0) 70 (70.0) 143 (71.5)  
Other/multiracial 1 (1.0) 7 (7.0) 8 (4.0)

Pregnancy status, no. (%)    .76
Not pregnant 95 (95.0) 97 (97.0) 192 (96.0)  
Pregnant 3 (3.0) 2 (2.0) 5 (2.5)  
Postpartum (≤12 mo) 2 (2.0) 1 (1.0) 3 (1.5)  

Clinical comorbid conditions, no. (%)     
Cancer 6 (6.0) 2 (2.0) 8 (4.0) .28
Cerebrovascular disease 5 (5.0) 1 (1.0) 6 (3.0) .21
Chronic pulmonary disease 17 (17.0) 15 (15.0) 32 (16.0) .85
Congestive heart failure 18 (18.0) 0 (0) 18 (9.0) <.001
Diabetes 7 (7.0) 2 (2.0) 9 (4.5) .17
Diabetes with organ damage 3 (3.0) 0 (0) 3 (1.5) .25
Hypertension 20 (20.0) 12 (12.0) 32 (16.0) .18
Moderate to severe liver disease 4 (4.0) 0 (0) 4 (2.0) .12
Moderate to severe renal disease 19 (19.0) 1 (1.0) 20 (10.0) <.001
Myocardial infarction 4 (4.0) 1 (1.0) 5 (2.5) .37
Peripheral vascular disease 4 (4.0) 2 (2.0) 6 (3.0) .68
Rheumatologic disease 5 (5.0) 3 (3.0) 8 (4.0) .72
Ulcer 2 (2.0) 3 (3.0) 5 (2.5) 1.00

ECG = electrocardiography; Q = quartile. 

a Fisher exact test.

Note: Cohort 1 participants were consecutive primary care clinic patients already scheduled/referred for echocardiography as 
part of their ongoing medical care, and cohort 2 participants were recruited consecutively at an outpatient primary care clinic.
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DISCUSSION
In this pilot validation study, we found that deep learning 
models using data from a standard clinical ECG and digital 
stethoscope (ECG + phonocardiography) recordings can 
potentially be used to detect LVSD among women of repro-
ductive age, with AUC values of 0.94 and 0.98 respectively. 
We also found the prevalence of false-positive screens, using 
the 12-lead AI-ECG model, to be low in an unselected patient 
sample of women seen in the primary care setting.

In the United States, almost one-half of all pregnancies 
among women aged 15-44 years are unintended.14,27 As such, 
scheduling and attending a preconception clinic visit is not 
feasible for many women. Our findings suggest that incorpo-
rating AI-based cardiovascular screening into routine primary 
care for women of reproductive age can positively affect care 
with minimal drawbacks related to false-positive screens. In 
addition, the AI-ECG model has been shown to be cost effec-
tive.28,29 The present study represents an important validation 
of existing AI models in a unique patient population—women 
of reproductive age, who will benefit greatly from cardiovas-
cular screening and evaluation before conception or in early 
pregnancy. It also offers a potential opportunity to address 
the unmet need for preconception cardiovascular screening.

In cohort 2, one participant (based on 12-lead ECG) and 
3 participants (based on digital stethoscope recordings) had 
positive AI-screens for LVSD during the study. Potential 
explanations for the false-positive AI-ECG (based on 12-lead 
ECG) include possible LVEF recovery during the 12-week 
period after initial ECG or a true false positive due to model 
sensitivity to lead placement, given that the initial ECG was 
noted to have limb lead reversal on clinical review. Repeat 
AI-ECG performed on the date of echocardiography with 
correctly placed leads was negative. Whereas the patient 
identified by the 12-lead model indicated a false-positive 

screen (confirmed by subsequent echocardiography), it sug-
gests a low likelihood that routinely screening women of 
reproductive age will generate a significant additional burden 
on primary care physicians to order additional testing. This 
prevalence is also in keeping with the literature-reported 
prevalence of asymptomatic left ventricular dysfunction in a 
general patient population, ranging from 1% to 2%.13

It is important to note that how these AI tools are used in 
routine clinical practice can influence diagnostic performance. 
Whereas the digital stethoscope showed improved sensitiv-
ity for detection of left ventricular dysfunction over standard 
12-lead ECG in cohort 1, the false-positive rate was also com-
paratively greater, keeping in mind that this was a higher-risk 
patient sample. The maximum prediction (if multiple locations 
are recorded) had the greatest false-positive rate (17%, 17/100) 
compared with using the angled location alone (6%, 6/99). 
The performance of the AI-stethoscope was most optimal 
at the angled position (in keeping with US Food and Drug 
Administration approval26), showing a relatively low false-
positive rate in the high-risk sample (cohort 1) and no false 
positives detected in the lower-risk sample (cohort 2). This 
indicates that the angled position might be ideal for screening 
(single chest recording), particularly when evaluating how best 
to implement the use of the AI-stethoscope in clinical prac-
tice. Pending larger validation studies, it might be important 
to consider further refinements to the 12-lead AI-ECG model 
before deployment for use in women of reproductive age, con-
sidering its demonstrated lower sensitivity in this study.

A key contributor to cardiovascular maternal mortality is 
delayed diagnosis,10 given that heart failure symptoms might 
be perceived or interpreted as normal pregnancy symptoms. 
This AI tool could potentially improve diagnosis, leading 
to earlier treatment and a decrease in adverse maternal out-
comes. Whereas multiple studies and guidelines emphasize 

Table 2. Echocardiographic Parameters Stratified by Left Ventricular Ejection Fraction Among Participants in Cohort 1

Echocardiographic parameter

LVEF ≥50% LVEF <50% Total P Value

n Median (Q1, Q3) n Median (Q1, Q3) N Median (Q1, Q3)

BMI (kg/m2) 95 27.2 (23.0, 31.8) 5 34.3 (23.4, 38.9) 100 27.2 (23.0, 32.7) .35
Heart rate 95 76.0 (67.0, 84.0) 5 82.0 (64.0, 85.0) 100 76.0 (66.8, 84.0) 1.00
LV end-diastolic diameter (mm) 95 44.0 (42.0, 48.0) 5 59.0 (58.0, 65.0) 100 45.0 (42.0, 49.0) < .001
LV end-systolic diameter (mm) 95 29.0 (26.5, 32.0) 5 52.0 (47.0, 53.0) 100 29.5 (27.0, 32.0) < .001
Mitral valve E/e` ratioa 94 8.5 (6.7, 10.0) 4 20.0 (12.3, 26.2) 98 8.6 (6.7, 10.7) .032
Cardiac output (L/min) 88 5.5 (4.7, 6.3) 5 5.2 (4.1, 5.3) 93 5.5 (4.6, 6.3) .31
Cardiac index (L/min/m2) 88 2.9 (2.6, 3.5) 5 2.6 (2.5, 2.9) 93 2.9 (2.6, 3.4) .12
LV geometry 95 No. (%) 5 No. (%) 100 No. (%) < .001

Concentric hypertrophy  10.0 (10.5)  0 (0)  10.0 (10.0)  
Concentric remodeling  30.0 (31.6)  0 (0)  30.0 (30.0)  
Eccentric hypertrophy  3.0 (3.2)  4.0 (80.0)  7.0 (7.0)  
Normal geometry  52.0 (54.7)  1.0 (20.0)  53.0 (53.0)  

BMI = body mass index; LV = left ventricular; LVEF = left ventricular ejection fraction; Q = quartile.

a Mitral valve E/e` ratio was calculated as mitral valve early diastolic filling velocity E (meters/second) divided by medial mitral annulus early diastolic velocity by tissue Doppler e’ (meters/second).
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preconception counseling, assessment, planning, and care 
delivery,4,9 few interventions have been developed to target 
women before pregnancy, and preconception care remains 

underutilized.30-32 With recent technological advancements, 
AI tools are poised to revolutionize health care and practice 
with a huge potential to improve women’s health. The present 

Table 3. Measures of Diagnostic Accuracy for AI Models for Cardiomyopathy Detection Based on Standard 12-Lead ECG 
and Digital Stethoscope Recordings

na AUC (95% CI)
Sensitivity, %  

(95% CI)
Specificity, %  

(95% CI)
Accuracy, % 

(95% CI)
F1 

score

Negative 
predictive 
value, % 
(95% CI) Odds ratio

Positive 
predictive 
value, % 
(95% CI)

12-lead ECG (LVEF <50%)
AI-ECG 100 0.939 

(0.883-0.995)
40.0 

(5.3-85.3)
95.8 

(89.6-98.8)
93.0 

(86.1-97.1)
36.4 96.8 

(91.0-99.3)
15.2 

(2.0-117.9)
33.3 

(4.3-77.7)

Digital stethoscope ECG + PCG (LVEF < 50%)
Angled 99 0.983 

(0.955-1.000)
80.0 

(28.4-99.5)
93.6 

(86.6-97.6)
92.9 

(86.0-97.1)
53.3 98.9 

(93.9-100.0)
58.7 

(5.6-610.4)
40.0 

(12.2-73.8)

Subclavicular 96 0.857 
(0.672-1.000)

60.0 
(14.7-94.7)

90.1 
(82.1-95.4)

88.5 
(80.4-94.1)

35.3 97.6 
(91.7-99.7)

13.7 
(2.0-92.9)

25.0 
(5.5-57.2)

V2 100 0.949 
(0.871-1.000)

80.0 
(28.4-99.5)

91.6 
(84.1-96.3)

91.0 
(83.6-95.8)

47.1 98.9 
(93.8-100.0)

43.5 
(4.3-437.3)

33.3 
(9.9-65.1)

Mean 
prediction

100 0.971 
(0.929-1.000)

60.0 
(14.7-94.7)

93.7 
(86.8-97.6)

92.0 
(84.8-96.5)

42.9 97.8 
(92.3-99.7)

22.2 
(3.1-159.7)

33.3 
(7.5-70.1)

Maximum 
prediction

100 0.979 
(0.950-1.000)

100.0 
(47.8-100.0)

82.1 
(72.9-89.2)

83.0 
(74.2-89.8)

37.0 100.0 
(95.4-100.0)

49.3 
(2.6-934.3)

22.7 
(7.8-45.4)

AI = artificial intelligence; AUC = area under the curve; ECG = electrocardiography; LVEF = left ventricular ejection fraction; PCG = phonocardiogram.

a Results shown represent available AI prediction results based on diagnostic-quality ECG/phonocardiography. Missing or recorded ECG/phonocardiography data deemed to be of poor quality were 
excluded from analysis, resulting in a sample size <100 for some of the digital stethoscope recording locations.

Figure 3. Receiver Operating Characteristic Curve and Confusion Matrix for 12-Lead ECG

AI = artificial intelligence; AUC = area under the curve; ECG = electrocardiography; ROC = receiver operating characteristic curve.

Note: The panel on the left shows the ROC curve and diagnostic performance metrics of the AI-ECG model based on 12-lead ECGs. Data are presented as % (95% CI). The panel on the right 
shows the associated confusion matrix comparing dichotomous AI prediction results with the ground truth (ECG results).
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study demonstrates this potential and is an important con-
tribution to the literature in this field. In addition, this study 
shows that in various settings where clinicians might not 
have ready access to standard 12-lead ECG, AI tools using 
novel bedside technologies, such as a digital stethoscope, 
can achieve very good diagnostic performance. As such, this 
approach might provide an opportunity to decrease barriers 
to LVSD detection in nontraditional screening environments 
(outside of a primary care clinic). With the digital stetho-
scope, we also showed the optimal recording location to be 
the angled position, should a single recording be desired 
for efficiency.

Limitations of this study include a relatively small sample 
size, with study participants enrolled from a single center, 
which might limit generalizability of the findings. In addition, 
participants enrolled in cohort 1, who had echocardiography 
scheduled by their primary care clinicians, likely represent a 
higher-risk group and might not be reflective of the patient 
population seen in the primary care setting. Furthermore, the 
degree of concordance between the AI-ECG and AI-stetho-
scope results was modest, which might be related to differ-
ences in data input, specifically the number ECG leads and 
the incorporation of phonocardiography. Determining the 
most suitable screening tool, whether an individual tool or a 
combination of tools, for this unique population will require 
larger studies.

Nevertheless, this study provides important informa-
tion regarding the performance of 2 AI models for LVSD 

screening among women of reproductive age. The addition 
of an AI-stethoscope supports the potential expansion of 
AI-based screening to low-resource settings and nonclinical 
environments. Members of our team have conducted a pilot 
study among pregnant women33 and a clinical trial evaluating 
the effectiveness of the models in an obstetric population in 
Nigeria (NCT05438576), known to have the greatest preva-
lence of peripartum cardiomyopathy worldwide.10 The results 
of these additional studies will provide additional data on the 
effectiveness of these AI tools among young women. Subse-
quent studies will focus on implementing AI-guided screening 
into routine primary care for women of reproductive age. 
This will include longitudinal monitoring to facilitate addi-
tional assessment in larger patient samples and ensure that 
model performance remains robust.

CONCLUSION
The use of AI-ECG and the AI-stethoscope appear to be 
effective in screening for LVSD among women of reproduc-
tive potential in a primary care clinic setting. These tools 
offer a rapid and cost-effective solution for preconception 
cardiovascular screening. Larger studies with diverse popula-
tions are needed to confirm these findings.

 Read or post commentaries in response to this article.

Key words: artificial intelligence; cardiomyopathy; electrocardiography; precon-
ception care; primary health care

Figure 4. Receiver Operating Characteristic Curve and Confusion Matrix for Digital Stethoscope (Maximum Prediction)

AI = artificial intelligence; AUC = area under the curve; ECG = electrocardiography; ROC = receiver operating characteristic curve.

Note: The panel on the left shows the ROC curve and diagnostic performance metrics of the AI-stethoscope model (maximum prediction). Data are presented as % (95% CI). The panel on the 
right shows the associated confusion matrix comparing dichotomous AI-stethoscope prediction results with the ground truth (ECG results).
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