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BACKGROUND: Clinicians vary markedly in their ability to detect murmurs during cardiac auscultation and identify the underlying
pathological features. Deep learning approaches have shown promise in medicine by transforming collected data into clini-
cally significant information. The objective of this research is to assess the performance of a deep learning algorithm to detect
murmurs and clinically significant valvular heart disease using recordings from a commercial digital stethoscope platform.

METHODS AND RESULTS: Using >34 hours of previously acquired and annotated heart sound recordings, we trained a deep neural
network to detect murmurs. To test the algorithm, we enrolled 962 patients in a clinical study and collected recordings at the
4 primary auscultation locations. Ground truth was established using patient echocardiograms and annotations by 3 expert
cardiologists. Algorithm performance for detecting murmurs has sensitivity and specificity of 76.3% and 91.4%, respectively.
By omitting softer murmurs, those with grade 1 intensity, sensitivity increased to 90.0%. Application of the algorithm at the ap-
propriate anatomic auscultation location detected moderate-to-severe or greater aortic stenosis, with sensitivity of 93.2% and
specificity of 86.0%, and moderate-to-severe or greater mitral regurgitation, with sensitivity of 66.2% and specificity of 94.6%.

CONCLUSIONS: The deep learning algorithm’s ability to detect murmurs and clinically significant aortic stenosis and mitral re-
gurgitation is comparable to expert cardiologists based on the annotated subset of our database. The findings suggest that
such algorithms would have utility as front-line clinical support tools to aid clinicians in screening for cardiac murmurs caused
by valvular heart disease.

REGISTRATION: URL: https://clinicaltrials.gov; Unique Identifier: NCT03458806.
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nearly synonymous with Western medicine. It physical examination. Yet, for the stethoscope to be

The stethoscope is an iconic medical instrument is universally accepted, even expected, as part of a
is easy to handle, it is inexpensive, and its use a useful tool, it requires that the provider both hears
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CLINICAL PERSPECTIVE

What Is New?

e A deep learning algorithm applied to digital
heart sounds detects murmurs with similar ac-
curacy to expert cardiologists.

e Applying the algorithm to heart sounds cap-
tured at the appropriate anatomic location iden-
tifies severe forms of aortic stenosis or mitral
regurgitation.

What Are the Clinical Implications?

e Qur results suggest that a murmur detection
algorithm used with a digital stethoscope can
serve as a clinical decision-support tool for
the diagnosis of murmurs and valvular heart
disease.

e By offloading the burden of “auscultation inter-
pretation” from the provider, the algorithm could
improve the utility of the auscultation in screen-
ing for severe forms of valvular heart disease.

Nonstandard Abbreviations and Acronyms

AS aortic stenosis
MR mitral regurgitation
VHD valvular heart disease

and correctly interprets the diagnostic sounds of the
patient. Although nearly all providers can perform the
act of auscultation with minimal training, interpretation
of the heart sounds is difficult, even for specialists.
Interrater reliability in detecting a classic finding, the
“murmur,” is fair at best (k=0.3-0.48),"? and the ability
to identify the underlying pathological feature is even
worse.® Moreover, these challenges are further exacer-
bated by a noisy and rushed environment, which is the
norm in modern practice. Despite the paucity of data
in this area, anecdotally, these conclusions ring true for
a wide spectrum of medical providers. Because car-
diac auscultation remains a cornerstone of the physical
examination, diagnostic assistance of its interpretation
could therefore be of great use.

Classic teaching of auscultation, and murmurs in
particular, focuses on valvular heart disease (VHD).
VHD is a major cause of mortality and reduced quality
of life for tens of millions of patients worldwide.*-8 As life
expectancies increase, so does the prevalence of VHD
in elderly patients. Annual VHD fatalities have increased
2.8% each year in the United States since 1979 and are
projected to double over the next 25 years.>® VHD can
also manifest with a prolonged asymptomatic period,
which can be dangerous if not identified. For example,
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patients with asymptomatic severe aortic stenosis (AS)
who do not undergo aortic valve replacement have an
annual rate of sudden death of 3% to 13%.'°

Echocardiography remains the gold standard for di-
agnosis of VHD, given its minimal physical risk and excel-
lent test characteristics.'" Yet, echocardiography requires
both highly trained sonographers to acquire the data
and cardiologists to interpret the images. Accordingly,
echocardiography is expensive, with a total annual cost
of $1.2 billion for Medicare enrollees alone.'? In addition,
echocardiography requires a preexisting suspicion from
the referring provider and may not be locally available for
patients in medically underserved areas. Because VHD
is associated with textbook auscultatory findings,'® car-
diac auscultation can be a fast, familiar, and inexpensive
tool to improve access to VHD screening, facilitate earlier
detection of VHD, and reduce the need for echocardiog-
raphy. We therefore investigated the use of an electronic
stethoscope platform to develop a deep learning algo-
rithm to identify cardiac murmurs.

Deep learning approaches have shown great prom-
ise in medicine, using radiologic studies and echo-
cardiograms'™ to develop interpretative algorithms,
and can even translate auxiliary data, unintended to be
part of the original data set, into useful information.'®
Stethoscope sound analysis has recently led to appli-
cations in lung' and heart'® sound classification. For
example, an independently developed algorithm, fo-
cused on the binary distinction between pathologic and
normal heart sounds, has tested favorably in a pediatric
cohort.!”® The 2016 PhysioNet/Computing in Cardiology
Challenge inspired a wide range of solutions by curating
the largest public data set of normal and abnormal heart
sounds.?® However, deep learning approaches often re-
quire a large amount of ground truth labeled data. Most
prior research, and the top performing submissions for
this challenge, used traditional machine learning or shal-
low neural networks requiring hand-engineered features
and manual tuning that made assumptions about tem-
poral and spectral characteristics of heart sounds.?"??
These assumptions potentially limit their generalizability
to widespread clinical use. A central contribution of the
current work is an algorithm that learns the important
features directly from the raw audio instead of them
being prescribed. Because cardiologists are tradition-
ally trained to identify VHD by auscultation, we hypoth-
esized that a deep learning approach could perform
similarly, if not better, than these specialty providers and
assist in the diagnosis of VHD.

METHODS

Code and Data Availability Statement

Additional supporting data are available on request
from the corresponding authors. Programming code
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related to data processing and not subject to intel-
lectual property or confidentiality obligations will be
made available on request. All requests for raw and
analyzed and related materials data will be reviewed
by the corresponding authors and the Eko legal de-
partment to verify whether the request is subject to
intellectual property or confidentiality obligations. Any
data and materials that can be shared will be released
via a Material Transfer Agreement. Patient-related data
not included in the article were generated as part of
a prospective clinical study (NCT03458806) and may
be subject to patient confidentiality and institutional re-
view board review.

Algorithm Development

Eko’s heart murmur detection algorithm has been ap-
proved for US Food and Drug Administration 510(Kk)
clearance® and is integrated with the Eko digital
stethoscope and ECG software platform to assess
heart sound recordings. The algorithm was trained
on recordings from a Health Insurance Portability
and Accountability Act (HIPPA)—compliant collection
of 400 000 audio recordings from Eko CORE and
DUO electronic stethoscopes. The training set con-
sisted of 5878 deidentified audio recordings, totaling
>34 hours from 5318 unique patients. Recordings
were initially randomly selected from the first 60 000
collected in the cloud-based Eko database and then
subselected to ensure sufficient murmur examples to
train the model. The training data quality and patient
population are thus representative of what we expect
in actual clinical use. A fraction of the database was
set aside for internal testing and tuning hyperpa-
rameters of the model. The validation set recordings
used to measure classification performance of the
trained algorithm are entirely separate and collected
specifically for this purpose.

To complete the training set for a supervised learn-
ing problem, audio recordings and phonocardiograms
were reviewed and labeled by one physician as 1 of
3 classes: heart murmur, no heart murmur, or inade-
quate signal. Recordings of lung sounds, noise, and
human speech were examples of data labeled inade-
quate signal.

The neural network model used for phonocardio-
gram classification uses a ResNet? deep convolu-
tional neural network architecture (Figure S1). Before
being sent to the model, input recordings are filtered
using an eighth-order Butterworth high-pass filter
at 30 Hz and downsampled to 2000 Hz. The model
consists of 34 layers, each made of a 1-dimensional
convolution, rectified linear unit nonlinearity, batch
normalization, dropout for regularization, and maxi-
mum pooling. Layers are linked by residual connec-
tions to facilitate training by allowing gradients to
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propagate. The final output of the network consists
of a fully connected layer followed with 3 outputs
subsequently normalized to a probability distribution
via a softmax function. The network was initialized
with random weights and optimized using the ADAM
optimizer.?®

The end-to-end algorithm makes a sequence of
binary decisions to produce 1 of 3 possible outputs.
First, it determines whether the recording is of suffi-
cient signal quality for murmur classification, using
the output from the neural network corresponding to
“inadequate signal” as a measure of signal quality. If
the signal quality is found to be below a prespecified
threshold, then the recording is classified as “inade-
quate signal.” Otherwise, the classifier then provides
either a “heart murmur” or a “no heart murmur” output
based on another set threshold. All model parameters
and thresholds are fixed at training time.

To validate the end-to-end algorithm, separate ex-
pert clinicians annotated a test subset of 1774 record-
ings from 373 patients collected through the multisite
clinical study. For the binary signal quality screening
step, the algorithm output was compared with the
annotations of signal quality qualitatively. For the final
murmur detection step, algorithm output was com-
pared with annotations of murmur presence using the
measures of sensitivity and specificity.

To show that the algorithm detects murmurs asso-
ciated with clinically significant VHD, such as AS and
mitral regurgitation (MR), we compared murmur pre-
dictions for the clinical study participants with echocar-
diographic assessment of VHD. For AS, we compared
recordings at either the aortic or the pulmonic posi-
tions, with aortic recordings preferred. For MR, we
compared recordings at the mitral position only. A
single recording was used for each subject, with all
recordings required to have an algorithm output of
“murmur” or “no murmur” (ie, adequate signal quality).
For greater consistency, CORE recordings were pre-
ferred over DUO recordings because the former were
more numerous. Recordings used for annotator met-
rics naturally required annotation, and for AS, this at
times resulted in a pulmonic recording being assessed
by the annotators while an aortic recording was as-
sessed by the algorithm.

Clinical Study Design

We undertook a cross-sectional, multisite study of sub-
jects presenting to the echocardiography laboratories
and structural heart disease clinics at the Northwestern
Memorial Hospital (Chicago, IL), University of California
San Francisco Medical Center (San Francisco, CA),
Los Alamitos Cardiology Clinic (Los Alamitos, CA),
and Mount Sinai Medical Center (Miami, FL) to obtain
paired electronic stethoscope recordings with clinical



Chorba et al

echocardiography results. Inclusion criteria included
age >18 years, a complete (ie, not limited) echocar-
diogram, and provision of informed consent. Because
of the lower prevalence of severe VHD compared with
normal hearts in subjects presenting to the echocar-
diography laboratories, we also prescreened potential
subjects by chart review to preferentially enroll ex-
pected cases. The primary outcome measures were
defined as the ability of the algorithm to differentiate
either clinically significant AS or clinically significant MR
from normal hearts, reported through a receiver op-
erating characteristic (ROC) curve. The protocol was
approved as a minimal risk study by each of the in-
stitutional review boards of the participating sites and
registered on clinicaltrials.gov (NCT03458806). All pa-
tients gave written informed consent.

Sample Size Justification

For our validation set, we assumed an algorithm sen-
sitivity and specificity of 0.9 for both the detection of
clinically significant AS and MR, which were unknown
at the time the study began. We estimated that a sam-
ple size of 110 subjects in each group (AS cases, MR
cases, or structurally normal controls) would exceed a
minimum threshold likelihood ratio of 5 with 95% confi-
dence.?® Because final echocardiography results were
not known before auscultation, and enrollment of con-
trols would likely exceed that of cases, we estimated
that auscultation of 900 subjects would be required.

Stethoscope Recordings

Recordings of the phonocardiogram were performed
by trained study personnel in a standardized manner in
each subject’s clinic or laboratory examination room at
the study site. Each subject underwent 15-second re-
cordings, while seated, at the 4 standard auscultation
positions (aortic: second intercostal space, right sternal
border; pulmonic: second intercostal space, left ster-
nal border; tricuspid: fifth intercostal space, left sternal
border; and mitral: fifth intercostal space, midclavicular
line). A second attempt at recording was encouraged
if real-time auscultation quality at a given position was
poor. Subjects remained in the study database even
if recordings were not obtained from all 4 positions.
These recordings were obtained with the standard,
clinically available Eko mobile application wirelessly
connected first to the Eko CORE Stethoscope, then to
the Eko DUO, which also records a single-lead ECG.
Recorded phonocardiogram and ECG data were
saved as 16-bit, 4000- and 500-Hz sampled WAV files,
respectively, and were synced in real-time to a Health
Insurance Portability and Accountability Act—-compliant
cloud storage location and sent to the algorithms for
analysis. Auscultatory recordings were reviewed by
the study investigators for quality control. At the time

J Am Heart Assoc. 2021;10:e019905. DOI: 10.1161/JAHA.120.019905

Deep Learning Algorithm for Murmur Detection

of recording, study personnel performing auscultation
were unaware of the final echocardiography reports.

Phonocardiogram Annotations

Using a custom-made web platform, expert annotators
listened to heart sound recordings from a subset of
the overall clinical study with headphones while view-
ing a plot of the phonocardiogram, and while blinded
to the results of the algorithm and echocardiogram.
Expert annotators were cardiologists having com-
pleted fellowship training in cardiology and having at
least 10 years of clinical cardiology practice, and each
received modest financial compensation. Annotations
were performed on existing recordings while the pho-
nocardiogram database was actively expanding, but
because not all annotators were available after the en-
tire database was collected, only a subset of the final
database underwent complete annotation. Annotators
assessed signal quality (on a 1-5 scale with defined
rubric), murmur presence (true or false), and murmur
grade (Levine scale 1-6%7). Because murmur grade
was determined by recording only, murmur grades 4
through 6 were not used. To establish a single set of
ground truth labels for a recording, we aggregated the
responses of the 3 cardiologists. For murmur detec-
tion, we used a majority vote. For signal quality and
murmur grade, which were encouraged but not re-
quired for annotation, we used the median of the re-
sponses if there were 3 and the lessor if there were
only 2, which occurred for a small number of subjects.

Echocardiographic Data

Comprehensive transthoracic echocardiograms, in-
cluding 2-dimensional, M-mode, and color and spec-
tral Doppler imaging, were obtained as part of routine
clinical care. Clinical echocardiograms and their re-
ports followed American Society of Echocardiography
guidelines.?®?® Reports therefore graded VHD as
none, mild, moderate, severe, or critical, with additional
borderline categories (eg, moderate to severe) also al-
lowed. Cardiologists reading the echocardiograms
were unaware of study participation and thus blinded
to any auscultatory results. Because the reports di-
rected the clinical care of the patients, we considered
them as the “gold standard” for our study. The reports
were deidentified, and a single report was associated
with each subject at the study site. Most echocardio-
grams and phonocardiograms were captured on the
same day, although echocardiograms within 1 month
of recording were permitted, which occurred only for
a small number of subjects presenting through the
structural heart disease clinics. We defined “clinically
important” or “significant” VHD cases as those graded
moderate to severe or worse, for this level of disease
would typically require an evaluation by a cardiologist
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for possible procedural intervention. We allowed mixed
VHD as cases provided that the disease severity at any
other valve did not exceed that of the index valve. We
defined controls as subjects free of valvular, structural,
or congenital heart disease, with no valvular regurgita-
tion or stenosis beyond trivial or physiologic severity.

Statistical Analysis

Data analysis and visualization were performed in
Python using the standard packages numpy, pandas,
seaborn, matplotlib, keras, and tensorflow. Cls were
computed by bootstrap rather than approximations,
which require assumptions about data distributions. To
compare means, the Welch t-test was used. To com-
pare proportions, such as sensitivity, on different data
samples, the “N-1" x2 test was used. To assess inter-
rater reliability, Fleiss’ kK was used.

RESULTS

Validation Study Population

Of the 962 subjects, 954 had sufficient phonocardio-
graphic information for inclusion in the final analysis
(Table 1 and Table S1). The patient population tended
to be elderly, predominantly White, and nearly equally
split in sex, consistent with cases of VHD seen mainly
at academic medical centers. As expected, both AS
and MR cases were older than their respective controls
(P<0.0001 for each). Male sex was also more prevalent
in the MR cases than in the MR controls (P=0.0055).

Murmur Detection Performance

We first compared algorithm output on the test subset
of 1774 recordings with their annotated ground truth. Of
this subset, the algorithm signal quality filter excluded
226 recordings from analysis. These “inadequate sig-
nal” recordings also had low annotator signal quality
scores (Figure 1), showing that the algorithm does not
prevent the analysis of potential murmurs when the re-
cordings are clinically adequate. The remaining 1548
recordings, which constituted 87% of this test subset,
received either a “murmur” or a “no murmur” output
from the algorithm. Further murmur detection perfor-
mance analysis of the algorithm was based on these
1548 recordings.

We then directly compared the algorithm’s mur-
mur prediction with annotator defined ground truth
(Table 2). Algorithm performance had a sensitivity and
specificity for detecting murmurs of 76.3% (95% Cl,
72.9%-79.3%) and 91.4% (95% ClI, 89.6%-93.1%),
respectively, and a positive predictive value of 86.6%
(95% Cl, 84.0%—-89.3%) using the murmur prevalence
(42.2%) from this test subset. The positive and negative
likelihood ratios were 8.89 (95% ClI, 7.35-11.08) and
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0.259 (95% ClI, 0.225-0.297), respectively. Individual
annotators showed modest interrater agreement
(k=0.478), consistent with prior studies' and mirroring
what would be expected in clinical practice.

We then evaluated whether certain patient, exam-
ination, or device characteristics affected algorithm
performance. We looked first at murmur intensity,
because in certain clinical contexts, softer murmurs
can be less likely to indicate meaningful disease.?3081
When excluding murmurs of grade 1 intensity (anno-
tator aggregated), sensitivity significantly increased to
90.0% (P<0.0001; Table 2).

Next, we evaluated whether algorithm perfor-
mance differed on the basis of auscultatory posi-
tion. Overall, these performances were similar, as
evidenced by the overlapping Cls (Table 2). Notably,
recordings at the pulmonic position were more nu-
merous in this subset because fewer recordings at
that position were removed by the algorithm as “in-
adequate signal.”

Because the recordings were made from 2 devices,
the Eko CORE and the Eko DUO, we next evaluated
whether algorithm performance differed on the basis
of the specific device used. The sensitivity on CORE
recordings was slightly higher than on those from DUO
(P<0.05; Table 2), but was not statistically significant
after controlling for signal quality (Table S2), an exam-
ple of the well-known Simpson paradox.

Allowing the algorithm’s positive-negative decision
boundary to vary, we then generated an ROC curve
to illustrate the sensitivity and specificity tradeoffs
(Figure 2). The US Food and Drug Administration—
cleared murmur detection algorithm, however, operates
at a single point on this curve (Figure 2, orange circle),
with performance described above. Stratification of the
ROC curve based on the annotator-aggregated mur-
mur grade shows the improved characteristics of the
algorithm with higher-grade murmurs (Figure 2, green
line).

Valvular Disease Screening Performance

We then measured algorithm performance as a
screening tool for VHD by comparing murmur pre-
dictions at the appropriate anatomic locations with a
different gold standard: the clinical echocardiogram.
First, we considered AS. Of the 954 eligible patients,
we grouped 81 with AS labeled moderate to severe or
greater as cases and 185 without structural heart dis-
ease as controls (Figure 3). As previously mentioned,
this severity threshold for disease was chosen to in-
clude cases that would typically require further evalu-
ation for possible mechanical intervention. We further
removed 8 cases and 13 controls with “inadequate sig-
nal” classifications at both the aortic and pulmonic po-
sitions, giving a total of 73 cases and 172 controls (with
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Table 1. Characteristics of Study Subjects
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Characteristics All Subjects AS Cases AS Controls MR Cases MR Controls
Total subjects 962 73 172 68 130
Age, mean=SD, y 65+15 73+11 56115 64+12 55+14

<18,y 0 (0.0 0(0.0) 0(0.0) 0(0.0) 0(0.0)
18-29y 27 (2.8) 0(0.0) 11 (6.4) 0(0.0) 7 (5.4)
30-39y 45 (4.7) 0(0.0) 19 (11.0) 3 (4.4) 15 (11.5)
40-49y 77 (8.0) 2(2.7) 26 (15.1) 5 (7.4) 23 (17.7)
50-59y 128 (13.3) 8 (11.0) 32 (18.6) 11 (16.2) 27 (20.8)
60-69y 237 (24.6) 15 (20.5) 46 (26.7) 26 (38.2) 35 (26.9)
70-79y 276 (28.7) 26 (35.6) 30 (17.4) 15 (22.1) 21 (16.2)
80-90y 143 (14.9) 16 (21.9) 8 (4.7) 7(10.3) 2(1.5)
>90y 28 (2.9) 6(8.2) 0(0.0) 1(1.5) 0(0.0)
Sex
Women 450 (46.8) 33 (45.2) 93 (54.1) 21(30.9) 67 (51.5)
Men 512 (53.2) 40 (54.8) 79 (45.9) 47 (69.1) 63 (48.5)
Race/ethnicity
White 748 (77.8) 54 (74.0) 129 (75.0) 57 (83.8) 99 (76.2)
Black/AA 57 (5.9) 5(6.8) 10 (5.8) 2(2.9) 8(6.2)
Asian 69 (7.2) 5(6.8) 14 (8.1) 4(5.9) 11(8.5)
Hispanic/Latino 57 (5.9) 7(9.6) 12 (7.0) 4 (5.9) 7 (5.4
Other/unknown 31(3.2) 2(2.7) 74 1(1.5) 5(3.8)
Valvular disease
Prosthesis 111 (11.5) 3 4.1 0(0.0) 5(7.4) 0(0.0)
Aortic valve
Regurgitation
Mild 156 (16.2) 19 (26.0) 0(0.0) 15 (22.1) 0(0.0)
Moderate 48 (5.0) 6(8.2) 0(0.0) 3 (4.4) 0(0.0)
Severe 9 (0.9 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Stenosis
Mild 30 (3.1) 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Moderate 30 (3.1) 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Severe 82 (8.5) 73 (100.0) 0(0.0) 1(1.5) 0(0.0)
Mitral valve
Regurgitation
Mild 225 (23.4) 19 (26.0) 0(0.0) 0(0.0) 0(0.0)
Moderate 98 (10.2) 10 (18.7) 0(0.0) 0(0.0) 0(0.0)
Severe 85 (8.8) 2(2.7) 0(0.0) 68 (100.0) 0(0.0)
Stenosis
Mild 21 (2.2) 3(4.1) 0(0.0) 0(0.0) 0(0.0)
Moderate 10 (1.0) 2(2.7) 0(0.0) 2(2.9) 0(0.0)
Severe 8(0.8) 0(0.0) 0(0.0) 0 (0.0 0(0.0)
Pulmonic valve
Regurgitation
Mild 141 (14.7) 13 (17.8) 0(0.0) 18 (26.5) 0(0.0)
Moderate 13(1.4) 0(0.0) 0(0.0) 1(1.5) 0(0.0)
Severe 2(0.2) 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Stenosis
Mild 2(0.2) 0(0.0) 0(0.0) 0 (0.0 0(0.0)
(Continued)
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Table 1. Continued

Characteristics All Subjects AS Cases AS Controls MR Cases MR Controls
Moderate 0(0.0) 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Severe 0(0.0) 0(0.0) 0(0.0) 0(0.0) 0(0.0)

Tricuspid valve

Regurgitation
Mild 305 (31.7) 19 (26.0) 0(0.0) 25 (36.8) 0(0.0)
Moderate 88 (9.1) 6(8.2) 0(0.0) 16 (23.5) 0(0.0)
Severe 27 (2.8) 1(1.4) 0(0.0) 2(2.9) 0(0.0)

Stenosis
Mild 2(0.2) 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Moderate 0(0.0) 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Severe 0(0.0) 0(0.0) 0(0.0) 0(0.0) 0(0.0)

Data are given as number (percentage), unless otherwise noted. For brevity, intermediate grades of valvular disease severity are categorized as the higher

grade (ie, moderate to severe included as severe). AA indicates African American;

40 cases and 82 controls annotated). The frequency
of nondiagnostic signals was not significantly differ-
ent between the controls (13 of 185) and the cases
(8 of 81; P=0.341), suggesting that the signal quality
classifier does not preferentially exclude disease. To
maximize our sensitivity for detection, aortic position
recordings were used for algorithm performance when
they had adequate signal (and an annotation for an-
notator performance), and if not, pulmonic recordings
were considered. We defined a positive test for AS as
a “murmur” detected from the recording at either the
aortic or pulmonic position as described, and a nega-
tive test where no murmur was detected.

For the detection of “clinically significant” AS, the algo-
rithm operates with a sensitivity of 93.2% (95% Cl, 86.9%—
98.5%) and a specificity of 86.0% (95% Cl, 80.9%-91.0%)
(Table 3). Although the commercially available algorithm
operates at a fixed point (Figure 4, orange circle), the ROC

AS, aortic stenosis; and MR, mitral regurgitation.

curve illustrates the theoretical potential to tune these test
characteristics to the appropriate clinical scenario. Overall,
the murmur detection algorithm (Figure 4; area under the
curve=0.952) compares favorably with the expert clini-
cians (Figure 4, green, red, and purple circles), whose per-
formances on the annotated subset of 122 subjects fell
just under the algorithm’s ROC curve.

We also screened for MR with the same murmur
detection algorithm. Using our same overall patient
cohort, and the same inclusion and exclusion crite-
ria as for AS, except testing at the mitral location, we
had 68 cases and 130 controls (with 29 cases and 62
controls annotated). At the mitral position, there were
a greater number of “inadequate signal” recordings,
which were statistically more common in controls than
in cases (P=0.0184). For the detection of “clinically sig-
nificant” MR, the algorithm operates with a sensitivity
of 66.2% (95% Cl, 54.7%—77.4%) and a specificity of

predicted quality = adequate signal  predicted quality = inadequate signal
600 B
» 400 - -
C
>
@]
(9]
200 -
0- T T T *"- T T T T
1 2 3 4 5 1 2 3 4 5
annotated signal quality annotated signal quality
Figure 1. Predicted and annotated signal quality.

The plot on the right shows that the recordings predicted as “inadequate signal” by the algorithm have low
signal quality, as assessed by the cardiologist annotators.

J Am Heart Assoc. 2021;10:e019905. DOI: 10.1161/JAHA.120.019905
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Table 2. Characteristics of Murmur Detection Algorithm

Algorithm result
Murmur detected 499 7 576
No murmur detected 155 817 972
Inadequate signal 28 198 226
Total 682 1092 1774
Annotated grade
All murmurs 499 (654) (28") 76.3 (72.9-79.3) 91.4 (89.6-93.1) 8.86 (7.35-11.08) 0.259 (0.225-0.297)
>2 406 (451) (17)) 90.0 (87.1-92.6) 91.4 (89.6-93.0) 10.5 (8.6-12.9) 0.109 (0.081-0.141)
Position
Aortic 146 (382) (52)) 75.0 (68.5-81.4) 89.4 (84.6-93.4) 7.1 (4.9-11.4) 0.28 (0.21-0.35)
Mitral 126 (388) (86") 71.2 (63.7-78.4) 92.7 (89.4-96.0) 9.7 (6.7-17.7) 0.31(0.24-0.39)
Pulmonic 189 (450) (23") 81.9 (76.6-86.9) 91.1 (87.3-94.6) 9.2 (6.4-14.7) 0.2 (0.14-0.26)
Tricuspid 113 (328) (65)) 75.4 (68.0-82.4) 92.4 (88.7-95.7) 10.0 (6.6-17.8) 0.27 (0.19-0.35)
Device
CORE 401 (929) (153) 77.6 (73.7-81.4) 91.2 (88.5-93.6) 8.8 (6.7-12.1) 0.25 (0.2-0.29)
DUO 175 (619) (73)) 73.2 (65.9-79.7) 91.6 (88.7-94.1) 8.7 (6.4-12.3) 0.29 (0.22-0.37)

Confusion matrix listed at top, with test characteristics stratified by annotated murmur grade, auscultation position, and auscultation device listed below.
Under the heading of recordings, “murmur” indicates algorithm-identified murmurs, “total” indicates algorithm-analyzed recordings after removing inadequate
signals, and “inadequate signal” indicates recordings labeled as inadequate signal by signal quality classifier. Test characteristics are computed after excluding

inadequate signals from analysis. LR indicates likelihood ratio.
*represent inadequate signal recordings.

94.6% (95% Cl, 90.4%-98.4%) (Table 3). The algorithm
(Figure 5; area under the curve=0.865) compares simi-
larly to the annotators, whose performances on the an-
notated subset of 91 subjects fall either along or below
the algorithm’s ROC curve.

We also explored whether the signal quality classi-
fier would bias our results by preferentially excluding
lower-grade murmurs associated with cases of VHD.
Importantly, of the few recordings anatomically cor-
responding to severe VHD but labeled as a grade 1
murmur by any annotator (9 in total: 4 for AS, and 5 for
MR), the algorithm identified adequate signal and pro-
duced a correct “murmur” output for all. This suggests
that the algorithm can still detect the softer murmurs
indicative of clinically significant disease.

DISCUSSION

Our results suggest that the algorithm would be a useful
decision support tool in detecting murmurs attributed
to “clinically significant” VHD. To put this in perspec-
tive, in the elderly population, where the prevalence of
surgically intervenable AS reaches 5%,% a negative

J Am Heart Assoc. 2021;10:e019905. DOI: 10.1161/JAHA.120.019905

test, carrying a negative likelihood ratio of 0.08, will
nearly rule out the diagnosis, reducing its probability
to <0.5%. Conversely, a positive test, with a positive
likelihood ratio of 6.68, will increase disease probability
to 26%. Because we compared cases with severe dis-
ease with disease-free controls in our study, a positive
AS screening result in a separate population could also
indicate nonsurgical AS (ie, AS of moderate severity or
less). Even with this caveat, the test outcome is likely
to influence clinical management in this common clini-
cal scenario. Moreover, because the algorithm results
are intended to be combined with a provider’s clinical
interpretation, the overall accuracy of a clinical VHD di-
agnosis may be even higher.3 In addition, to our knowl-
edge, our validation set represents the world’s largest
adult echocardiogram-paired heart sound recording
database. Looking ahead, this database may facilitate
the development of future algorithms to differentiate
between innocent and pathologic murmurs, identify
specific types of VHD, or correlate other cardiac patho-
logical features to a patient’s auscultatory signature.
Our study has several limitations when applying the
results to the clinic. First, we did not evaluate algorithm
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Figure 2. Performance of murmur detection algorithm.

Receiver operating characteristic curves for all recordings (blue)
and minimal intensity—filtered murmurs (green) are shown. Eko
software operates with parameters yielding the orange marker.
Error bars indicate 95% Cls. AUC indicates area under the curve.

implementation in direct clinical care. The Eko plat-
form can be integrated into a delivery system’s elec-
tronic medical record, but 15-second recordings are
often longer than typical clinical practice. Thus, the ulti-
mate effect on the length of the clinical encounter, and
whether this translates to higher efficiency, lower costs,
or improved outcomes all remain unknown. We plan
subsequent studies to evaluate the effects of this tech-
nology on care delivery, because this was not tested
here.

Second, our algorithm purposely does not inter-
pret poor-quality heart sounds. An “inadequate sig-
nal” output does not rule out severe VHD. This does,
however, mirror clinical practice, where examination
findings, and auscultatory findings in particular, are
often inconclusive. For any given patient, the test
characteristics of the algorithm are best represented
by excluding these nonevaluable results, because
the provider sees the output of “inadequate signal,”
rather than a test outcome. However, this could over-
estimate the true test characteristics when applied
on a population level. Although extreme, applying
an “intention-to-diagnose” approach, which groups
all nondiagnostic results as incorrect outcomes, can
identify the potential limits of such bias.®* When doing
S0, the test characteristics are unsurprisingly worse,
with sensitivity and specificity of 84% and 80%, re-
spectively, for AS, and 57% and 69%, respectively,
for MR. This analysis is not truly representative of the
test, because the algorithm is extremely unlikely to

J Am Heart Assoc. 2021;10:e019905. DOI: 10.1161/JAHA.120.019905

Deep Learning Algorithm for Murmur Detection

misclassify all nondiagnostic results, even if forced
to make a decision. Nonetheless, this “intention-to-
diagnose” analysis underscores the need to identify
the predictors of nondiagnostic auscultation, which
we hope to clarify in future studies. Noise cancella-
tion software, for example, may help to reduce the
number of these nonevaluable results, although this
hypothesis requires further testing.

Third, we effectively performed a case-control
study, and therefore the test characteristics we re-
port may be influenced by the spectrum effect.®® The
high prevalence of disease in our cohort is likely to
enrich for murmurs when compared with a general
screening population, where the test characteristics
could be different. We also compared a severe form
of disease with healthy, normal controls. As a result,
the specificity we report is likely higher than in a gen-
eral population, because a case of mild AS or MR
may well have a murmur detected by the algorithm
and be labeled as disease. These events would be
“false positives” for disease requiring surgical inter-
vention. However, they should not affect the sensi-
tivity, because neither the number of true positives
nor false negatives would change. Because we an-
ticipate the algorithm to be used primarily for screen-
ing purposes, where sensitivity is paramount, we
suspect this particular bias to be of minimal clinical
consequence. Ultimately, the results of the algorithm
should be placed in the appropriate clinical con-
text. Although a false positive from “mild” VHD, for
example, would generally prompt further diagnostic
testing, obtaining an echocardiogram to confirm the
diagnosis and initiate disease surveillance may not
be appropriate in every clinical situation.

Last, our validation set consisted primarily of pa-
tients presenting through both tertiary care centers
and a community cardiology clinic diagnosed with
severe VHD via standard transthoracic echocardiog-
raphy. Thus, subjects requiring other diagnostics to
confirm disease severity, such as dobutamine stress
echocardiography for low-flow, low-gradient AS, or
3-dimensional transesophageal echocardiography for
MR, were not captured. Similarly, our algorithm was
developed on a training set from subjects seen in ac-
tual clinical practice. Although these subjects may well
represent the US population, they may not be reflec-
tive of developing countries, where the prevalence and
cause of VHD are different. Because these populations
would likely benefit from an accessible and low-cost
decision-support tool, like the one tested herein, fur-
ther investigations are warranted.

Our results also illustrate several physiologic prin-
ciples within cardiovascular disease. Although our al-
gorithm evaluates for murmurs, auscultatory findings
are much richer than this. AS is an excellent example,
as the intensity of the A2 component of the second
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Figure 3. Flow of study participants.

We defined valvular heart disease cases as those graded moderate to severe or worse to encompass all levels of disease that could
require timely intervention beyond serial monitoring. We defined controls as subjects free of valvular, structural, or congenital heart
disease, with no valvular regurgitation or stenosis beyond trivial or physiologic severity. Potential participants included all enrolled
subjects (ie, those with recordings). Eligible participants included only those with the appropriate data for analysis. Aortic stenosis
(AS) was assessed by a single recording at either the aortic (preferred) or the pulmonic position, and mitral regurgitation (MR) was
assessed by a single recording at the mitral position. Actual cases and controls were further filtered from potential cases and controls
by removing subjects with “inadequate signal” at the corresponding anatomic locations by the signal quality classifier. Numbers listed

in italics represent the subset of annotated recordings.

heart sound and the timing of the peak of the sys-
tolic murmur are considered indicators of disease
severity.”® An extended algorithm inclusive of other
predictors of VHD, beyond the presence of a mur-
mur, may improve disease screening performance.
In addition, both the cardiologists and the algorithm
perform better in detecting AS than detecting MR.
This may be attributed to AS having a more discern-
ible auscultatory signature. Physiologically, MR pro-
duces a load-dependent murmur, with the severity
of regurgitation dependent on minute-to-minute he-
modynamics. Moreover, MR can be directional, and
therefore may not manifest a murmur at a predefined
auscultatory location. Additional recording positions

J Am Heart Assoc. 2021;10:e019905. DOI: 10.1161/JAHA.120.019905

or physiologic maneuvers might also improve disease
screening performance.

The algorithm tested herein addresses the need
for an effective and accessible method to screen for
murmurs and ultimately detect VHD. It is accurate and
reliable, with comparable performance to that of an ex-
pert cardiologist, at least in the annotated subset of the
overall data set we present herein. We anticipate that it
would be particularly useful in hurried situations, such
as rapid diagnosis in the emergency department or risk
stratification for urgent noncardiac surgery, where mini-
mizing the time to diagnostic test results, as well as the
strain on providers, is particularly important. In this vein,
we purposefully captured heart sounds in a real-world
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Table 3. Characteristics of Algorithm for VHD Screening

Deep Learning Algorithm for Murmur Detection

Subjects Sensitivity Specificity LR Positive LR Negative

Variables (Cases/Controls) (95% Cl), % (95% Cl), % (95% ClI) (95% Cl)
Aortic stenosis

Algorithm 245 (73/172) 93.2 (86.9-98.5) 86.0 (80.9-91.0) 6.68 (4.82-10.37) 0.08 (0.018-0.155)

Annotator A 122 (40/82) 97.5 (91.7-100) 451 (34.1-55.8) 1.78 (1.46-2.2) 0.055 (0.0-0.2)

Annotator B 122 (40/82) 90.0 (79.5-97.7) 78.0 (68.2-86.8) 41(2.78-6.84) 0.128 (0.029-0.27)

Annotator C 122 (40/82) 82.5 (69.6-93.6) 90.2 (83.1-96.3) 8.46 (4.77-23.01) 0.194 (0.069-0.338)
Mitral regurgitation

Algorithm 198 (68/130) 66.2 (54.7-77.4) 94.6 (90.4-98.4) 12.3 (6.7-39.9) 0.357 (0.239-0.479)

Annotator A 91 (29/62) 82.8 (68.0-95.5) 64.5 (52.5-76.1) 2.33 (1.65-3.51) 0.267 (0.076-0.514)

Annotator B 91 (29/62) 69.0 (52.0-85.7) 82.3 (72.7-90.8) 3.89 (2.31-7.85) 0.377 (0.173-0.598)

Annotator C 91 (29/62) 58.6 (40.0-76.7) 871 (78.56-95.1) 4.54 (2.42-12.11) 0.475 (0.263-0.691)

LR indicates likelihood ratio; and VHD, valvular heart disease.

clinical setting, rather than an artificial research environ-
ment, to enhance the generalizability of our findings. The
considerable variability among highly trained clinicians
we observed in our study also represents real-world
practice, and the algorithm is well equipped to address
this problem. Further potential benefits include enabling
clinicians to detect VHD earlier and more consistently,
and reducing morbidity and mortality because of earlier
clinical intervention.3® Because the algorithm operates at
the point of care, requiring only cellular or Wi-Fi connec-
tivity with the digital stethoscope and mobile platform,

it could serve as an affordable alternative to traditional
echocardiography, which remains limited by cost, time,
and access.®” Although handheld echocardiography
can also fill this role, it requires more advanced training
than the simple capture of heart sounds with a stetho-
scope.® To the extent the algorithm accurately excludes
severe VHD, it could render some echocardiograms
moot, particularly those ordered to search for VHD that
reveal normal hearts. Assuming this indication, and the
result, each constitutes 10% of echocardiograms,®® with
5 million studies performed yearly in the United States at
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Figure 4. Performance of aortic stenosis screening by
murmur detection algorithm.

The algorithm receiver operating characteristic (ROC) curve is
shown in blue. Eko software operates at the orange marker. The
performance of the individual cardiologists on the annotated
subset of the overall data set is shown by the green, red, and
purple markers. Error bars indicate 95% Cls. AUC indicates area
under the curve.
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Figure 5. Performance of mitral regurgitation screening by
murmur detection algorithm.

The algorithm receiver operating characteristic (ROC) curve is
shown in blue. Eko software operates at the orange marker. The
performance of the individual cardiologists on the annotated
subset of the overall data set is shown by the green, red, and
purple markers. Error bars indicate 95% Cls. AUC indicates area
under the curve.
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a cost of $1000 each,* this could translate to an annual
cost savings of $28 million nationally, even when apply-
ing the lower specificities from the intention-to-diagnose
analyses for AS and MR. Moreover, any potential savings
would be specific to this technology, as these echocar-
diograms are appropriate without another reliable way
to exclude the pathological feature in question. In light
of the recent and ongoing COVID-19 pandemic,*' this
technology could also provide expert-level diagnostics
through telemedicine, thereby limiting the transmission
of a highly contagious disease. Furthermore, the digital
stethoscope platform used herein could be extended to
other auscultation findings, such as lung sounds. Overall,
our study shows the promise of this tool as an adjunct
to clinical care and illustrates the potential of it expanding
into something even greater.
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Table S1. Expanded Characteristics of Study Subjects. Percentage of total in parentheses, unless otherwise noted. For brevity,
intermediate grades of valvular disease severity are categorized as the higher grade (i.e. moderate-to-severe included as severe).
Actual cases and controls indicate the subset of potential cases and controls after filtering for ‘inadequate signal’ classifications at the
appropriate anatomic location. Annotated cases and controls indicate the subset of actual cases and controls that underwent
annotation by expert cardiologists. AS = aortic stenosis. MR = mitral regurgitation. SD = standard deviation. AA = African-American.

All Potential AS Annotated | Potential AS Annotated | Potential MR Annotated | Potential MR Annotated
Subjects AS Cases AS Cases AS Controls AS MR Cases MR Cases MR Controls MR
Cases Controls Controls Cases Controls Controls
Total Subjects 962 81 73 40 185 172 82 79 68 29 179 130 62
Age
Mean (+SD) 65 (£15) 73 (x11) 73 (x11) 71 (11) 56 (£15) 56 (£15) 53 (£15) 65 (£13) 64 (x12) 64 (x11) 56 (£15) 55 (+14) 54 (£13)
<18 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
18-29 27 11
(2.8%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 11 (5.9%) (6.4%) 7 (8.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 9 (5.0%) 7 (5.4%) 3 (4.8%)
30-39 45 20 19 20 15
(4.7%) 0 (0.0%) 0 (0.0%) 0 (0.0%) (10.8%) (11.0%) 9 (11.0%) 4 (5.1%) 3 (4.4%) 1(3.4%) (11.2%) (11.5%) 7 (11.3%)
40-49 77 28 26 28 23
(8.0%) 2 (2.5%) 2 (2.7%) 1(2.5%) (15.1%) (15.1%) 16 (19.5%) 5 (6.3%) 5(7.4%) 1(3.4%) (15.6%) (17.7%) 12 (19.4%)
50-59 128 8 34 32 14 11 33 27
(13.3%) 8 (9.9%) (11.0%) 6 (15.0%) (18.4%) (18.6%) 16 (19.5%) (17.7%) (16.2%) 5(17.2%) (18.4%) (20.8%) 15 (24.2%)
60-69 237 17 15 51 46 29 26 50 35
(24.6%) (21.0%) (20.5%) 10 (25.0%) (27.6%) (26.7%) 22 (26.8%) (36.7%) (38.2%) 14 (48.3%) (27.9%) (26.9%) 16 (25.8%)
70-79 276 28 26 32 30 17 15 31 21
(28.7%) (34.6%) (35.6%) 12 (30.0%) (17.3%) (17.4%) 11 (13.4%) (21.5%) (22.1%) 6 (20.7%) (17.3%) (16.2%) 8 (12.9%)
80-90 143 19 16 7

(14.9%) | (235%) | (21.9%) | 9(225%) | 9(4.9%) | 8(4.7%) | 1(1.2%) | 9(11.4%) | (10.3%) | 2(6.9%) | 8(4.5%) | 2(1.5%) | 1(1.6%)
>90 28
(2.9%) | 7(86%) | 6(82%) | 2(5.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 1(1.3%) | 1(1.5%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%)

Gender
Female 450 34 33 95 93 25 21 20 67
(46.8%) (42.0%) (45.2%) 15 (37.5%) (51.4%) (54.1%) 40 (48.8%) (31.6%) (30.9%) 8 (27.6%) (50.3%) (51.5%) 32 (51.6%)
Male 512 47 40 20 79 54 47 89 63
(53.2%) (58.0%) (54.8%) 25 (62.5%) (48.6%) (45.9%) 42 (51.2%) (68.4%) (69.1%) 21 (72.4%) (49.7%) (48.5%) 30 (48.4%)
Race
White 748 58 54 140 129 65 57 137 99
(77.8%) (71.6%) (74.0%) 29 (72.5%) (75.7%) (75.0%) 58 (70.7%) (82.3%) (83.8%) 23 (79.3%) (76.5%) (76.2%) 44 (71.0%)
Black/AA 57 10
(5.9%) 5 (6.2%) 5 (6.8%) 4 (10.0%) 11 (5.9%) (5.8%) 8 (9.8%) 5 (6.3%) 2 (2.9%) 1(3.4%) 11(6.1%) | 8(6.2%) 7 (11.3%)
Asian 69 14 11
(7.2%) 5 (6.2%) 5 (6.8%) 3 (7.5%) 15 (8.1%) (8.1%) 6 (7.3%) 4 (5.1%) 4 (5.9%) 3(10.3%) 13 (7.3%) (8.5%) 5(8.1%)
Hispanic or 57 10 12
Latino (5.9%) (12.3%) 7 (9.6%) 3 (7.5%) 12 (6.5%) (7.0%) 6 (7.3%) 4 (5.1%) 4 (5.9%) 2 (6.9%) 11(6.1%) | 7 (5.4%) 4 (6.5%)
Other or 31
Unknown (3:2%) 3 (3.7%) 2 (2.7%) 1(2.5%) 7 (3.8%) 7 (4.1%) 4 (4.9%) 1(1.3%) 1(1.5%) 0 (0.0%) 7 (3.9%) 5 (3.8%) 2 (3.2%)
Valvular

Disease




Prosthesis 111
(11.5%) 3 (3.7%) 3 (4.1%) 1(2.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 6 (7.6%) 5 (7.4%) 4 (13.8%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Aortic Valve
Regurgitation
Mild 156 22 19 17 15
(16.2%) (27.2%) (26.0%) 14 (35.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) (21.5%) (22.1%) 5(17.2%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Moderate 48
(5.0%) 8 (9.9%) 6 (8.2%) 4 (10.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 4 (5.1%) 3 (4.4%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Severe 9 (0.9%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Stenosis
Mild 30
(3.1%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Moderate 30
(3.1%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Severe 82 81 73 40
(8.5%) (100.0%) | (100.0%) (100.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 1(1.3%) 1(1.5%) 1(3.4%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Mitral Valve
Regurgitation
Mild 225 21 19
(23.4%) (25.9%) (26.0%) 10 (25.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Moderate 98 13 10
(10.2%) (16.0%) (13.7%) 7 (17.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Severe 85 79 68 29
(8.8%) 2 (2.5%) 2 (2.7%) 1(2.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) (100.0%) | (100.0%) (100.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Stenosis
Mild 21
(2.2%) 4 (4.9%) 3 (4.1%) 1(2.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 1(1.3%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Moderate 10
(1.0%) 3 (3.7%) 2 (2.7%) 2 (5.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 2 (2.5%) 2 (2.9%) 1(3.4%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Severe 8 (0.8%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Pulmonic
Valve
Regurgitation
Mild 141 13 13 19 18
(14.7%) (16.0%) (17.8%) 4 (10.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) (24.1%) (26.5%) 6 (20.7%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Moderate 13
(1.4%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 2 (2.5%) 1(1.5%) 1(3.4%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Severe 2 (0.2%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Stenosis
Mild 2 (0.2%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Moderate 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Severe 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Tricuspid
Valve
Regurgitation
Mild 305 21 19 27 25
(31.7%) (25.9%) (26.0%) 10 (25.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) (34.2%) (36.8%) 9 (31.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Moderate 88 19 16
(9.1%) 8 (9.9%) 6 (8.2%) 3 (7.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) (24.1%) (23.5%) 10 (34.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Severe 27
(2.8%) 1(1.2%) 1(1.4%) 1(2.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 4 (5.1%) 2 (2.9%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Stenosis




Mild 2(02%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0 (0.0%)
Moderate 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0 (0.0%)
Severe 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%) | 0(0.0%)




Table S2. Murmur Detection Algorithm Performance by Signal Quality and Recording
Device. CORE and DUO sensitivities are only significantly different at p < 0.05 for
recordings with signal quality equal to 2. Cl = confidence interval.

Signal Quality | Device | Recordings | Sensitivity (95% Cl)
1 CORE 35 50.0 (0.0-100.0)
DUO 128 66.7 (0.0-100.0)
2 CORE 231 63.3 (48.5-76.9)
DUO 227 52.6 (35.7-68.6)
3 CORE 408 70.9 (65.5-77.1)
DUO 203 76.1 (68.4-84.4)
4 CORE 238 89.5 (84.4-93.8)
DUO 56 82.9 (69.4-94.1)
5 CORE 17 100.0 (100.0-100.0)
DUO 5 100.0 (100.0-100.0)




Figure S1. Schematic of Deep Learning Framework. See text (Methods) for details. ReLU =
rectified linear unit. Batch Norm = batch normalization. Conv = convolutional layer.
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