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GRAPHICAL ABSTRACT

ECHOCARDIOGRAPHIC DIAGNOSIS OF HYPERTROPHIC CARDIOMYOPATHY BY MACHINE LEARNING

CONCEPTUAL MODEL STUDY DESIGN ECHO STRAIN MEASUREMENTS
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Abbreviations: HCM = hypertrophic cardiomyopathy; AUC = area under the curve; Echo = echocardiography; PPV = positive predictive value

Abstract

Objective: To develop machine learning tools for automated hypertrophic cardiomyopathy (HCM) case
recognition from echocardiographic metrics, aiming to identify HCM from standard echocardiographic
data with high performance.

Patients and Methods: Four different random forest machine learning models were developed using a
case-control cohort composed of 5548 patients with HCM and 16,973 controls without HCM, from
January 1, 2004, to March 15, 2019. Each patient with HCM was matched to 3 controls by sex, age, and
year of echocardiography. Ten-fold crossvalidation was used to train the models to identify HCM. Vari-
ables included in the models were demographic characteristics (age, sex, and body surface area) and 16
standard echocardiographic metrics.
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ECHO DIAGNOSIS OF HCM BY MACHINE LEARNING

Results: The models were differentiated by global, average, individual, or no strain measure-
ments. Area under the receiver operating characteristic curves (area under the curve) ranged from
0.92 to 0.98 for the 4 separate models. Area under the curves of model 2 (using left ventricular
global longitudinal strain; 0.97; 95% CI, 0.95-0.98), 3 (using averaged strain; 0.96; 95% CI,
0.94-0.97), and 4 (using 17 individual strains per patient; 0.98; 95% CI, 0.97-0.99) had com-
parable performance. By comparison, model 1 (no strain data; 0.92; 95% CI, 0.90-0.94) had an

inferior area under the curve.

Conclusion: Machine learning tools that analyze echocardiographic metrics identified HCM
cases with high performance. Detection of HCM cases improved when strain data was combined

with standard echocardiographic metrics.

© 2024 THE AUTHORS. Published by Elsevier Inc on behalf of Mayo Foundation for Medical Education and Research. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) ® Mayo Clin Proc Digital Health

2024:2(4):564-573

ypertrophic cardiomyopathy (HCM)
is a heritable disorder characterized
by cardiac hypertrophy without dila-
tion not explained by other diseases.'  Echo-
cardiography is considered the gold standard
imaging technology for HCM diagnosis.”’
Echocardiography requires considerable clin-
ical skill for data acquisition, analysis, and
interpretation. It has been previously pro-
posed that machine learning (ML) may facili-
tate echocardiographic diagnoses.” °
In adults, the diagnosis of HCM by echo-
cardiography requires a maximal left ventricu-
lar end-diastolic wall thickness of >15 mm, in
the absence of another cause of hypertro-
phy.”” In addition to increased left ventricular
wall thickness, other echocardiographic met-
rics obtained by Doppler imaging and myocar-
dial strain imaging can increase diagnostic
accuracy. These metrics are routinely obtained
during comprehensive transthoracic echocar-
diography (TTE) of patients with HCM.
There have been previous attempts to use
ML for the interpretation of echocardiographic
images to enable automated diagnosis. A pre-
vious video-based echocardiographic study
developed convolutional neural networks for
interpretation of cardiac structure, function,
and disease detection.” However, in that
study, there was a high proportion of image
segmentation failures, making these models
unsuitable for use in clinical settings.” Another
study used a video-based echocardiographic
model aimed to discriminate 2-dimensional
(2D) images of patients with increased thick-
ness of cardiac walls due to cardiac amyloid-
osis, HCM, or end-stage renal disease.” This
study also found limited performance with
positive predictive value ranging from 74%

to 77%.” Both the aforementioned studies
used bidimensional echocardiographic image
data only, which did not provide sufficient in-
formation to distinguish various conditions
that may cause increased thickness of cardiac
walls.

Myocardial strain measurements show
distinct disease-specific patterns that discrimi-
nate different conditions that may increase the
thickness of cardiac walls.”® A previous echo-
cardiographic  measurement ML  model
included strain measurement variables and
2D variables.” However, a small number of pa-
tients with HCM (n=62) in that study limited
the generalizability of observations. Accord-
ingly, we developed and validated ML models
to identify HCM cases using standard echocar-
diographic metrics retrieved from a large elec-
tronic health record (EHR)-based HCM
cohort. We hypothesized that ML tools for
the analysis of echocardiographic metrics can
accurately identify HCM cases with high per-
formance (graphical abstract).

PATIENTS AND METHODS

Cohort Selection
This case-control study was approved by the
Mayo Institutional Review Board. Hypertro-
phic cardiomyopathy cases were matched to
controls without HCM by age, sex, and date
of echocardiography using a case-control ratio
of 1:3 (Figure 1). All patients agreed to have
their medical records used for research, and
the institutional review board waived the
need for informed consent.

In this study, the diagnosis of HCM was
based on 2D echocardiography showing a
maximal end-diastolic wall thickness of >15
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HCM Study Cohort

n=22,521
HCM Cases Matched 1:3 Controls Without HCM?
n=>5,548 ) > n=16,973

FIGURE 1. Study cohort. HCM, hypertrophic cardiomyopathy. *Cases and
controls were matched by age, sex, and date of echocardiogram.

566

mm anywhere in the left ventricle, in the
absence of other causes of hypertrophy.””
The HCM case group included patients with
HCM diagnosis who underwent clinically indi-
cated TTE. Individuals with alternative causes
for increased left ventricular mass that could
mimic HCM, such as amyloidosis and hyper-
tensive heart disease, were excluded from the
HCM case group only but not from the control
group of patients without HCM. This rigorous
methodology ensures that the HCM case
group represents a cohort of individuals with
a diagnosis of HCM only.

The control group of patients without HCM
included a broad spectrum of patients referred
for clinically indicated echocardiograms for

TABLE 1. Indications for Transthoracic Echocar-

diography in the Control Group
Total (N=17,388), n

Billing codes (%)
Arrhythmias 8825 (50.8)
Valve diseases 6986 (40.2)
Hypertensive heart disease 6610 (38)
Heart failure 2235 (12.9)
Cardiac murmur 1424 (8.2)
Previous myocardial 1324 (7.6)

infarction
Cardiomyopathies (not 1323 (7.6)
HCM)
Amyloidosis 308 (1.8)
Acute coronary syndromes 249 (1.4)
Inherited myopathies 242 (14)
Sarcoidosis 164 (0.9)

HCM, hypertrophic cardiomyopathy.

Patients with more than | indication were included.

various reasons, including cardiac conditions
that can mimic HCM such as amyloidosis and
hypertensive heart disease. This approach
enabled evaluation of model performance in dis-
tinguishing HCM from HCM mimics and from
other indications for TTE in the routine clinical
practice of an echocardiography laboratory.
Additionally, the clinical decision support
(CDS) tool that uses these ML models was
designed to assist providers working in real-life
echocardiographic clinical practices in which
patients are referred for echocardiograms for a
variety of reasons but are not limited to patients
referred for assessment of HCM mimics.
Another exclusion criterion for the case group
and control group was age younger than 18
years.

For the control group, the most frequent
indications for echocardiography were cardiac
arrhythmias, valve disease, and heart failure
(Table 1). For patients with more than 1 echo-
cardiographic report, only the first echocardi-
ography, both for cases and controls, was
used for analysis.

Data Preprocessing and Input Selection
The echocardiographic reports included 2
groups of variables: (1) patient demographic
characteristics and (2) standard echocardio-
graphic metrics relevant to HCM diagnosis
(Table 2). Data from each patient’s first echo-
cardiographic report was retrieved from
Mayo Clinic Unified Data Platform data ware-
house electronically linked to the EHR.

All  echocardiograms used guideline-
directed methods for obtaining and annotating
measurements. The interventricular septum
diastolic thickness, posterior wall diastolic
thickness, and left ventricular mass measure-
ments were measured from bidimensional im-
ages.'” If bidimensional images were not
available, M-mode measurements were used
for analysis. The left ventricular ejection frac-
tion was calculated by the modified Quinones
method, 3D volumes, or biplane Simpson
method.'" Supplemental Table 1 (available
online at https://www.mcpdigitalhealth.org/)
summarizes the definition of each considered
echocardiographic variable, following the
American Society of Echocardiography guide-
lines.””'" For reports containing more than 1
value of ejection fraction, the median values
of all available measurements were used for
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TABLE 2. Demographic and Echocardiographic Metrics of the Study Cohort

Controls Missing values in  Missing values in
Variables® HCM cases (N=5,548) (N=16,973) P cases (%) controls (%)
Demographic characteristic
Age (y) 58 (46-67) 58 (46-67) 47 0 0
Male 3233 (56.7) 9685 (56.7) 99 0 0
Body surface area (m?) 20 (1.81-2.18) 198 (1.79-2.16) <001l <l <l
Echocardiographic metrics
Interventricular septum diastolic thickness (mm) 16 (13-20) [0 (%-11) <001 [4 30
Thickest segment of the left ventricle (mm) 21 (18-23) NA NA 38 =
Left ventricular posterior wall diastolic thickness (mm) 12 (11-12) [0 (9-11) <00l 14 31
Left ventricular mass (g/m?) 276 (217.5-361) 175 (141-219) <00l I5 33
Ejection fraction (%) 68 (63.5-72.5) 61 (56-65) <00l 14 33
Mitral valve E-wave peak velocity (m/s) 0.8 (0.7-0.1) 0.8 (0.6-0.9) <00l 8 23
Mitral valve A-wave peak velocity (m/s) 0.7 (0.5-0.9) 0.7 (0.5-0.8) <.001 15 28
Mitral valve E:A ratio [.13 (0.8-1.5) [.14 (0.83-1.5) 74 19 35
Mitral valve medial annulus €’ velocity (m/s) 0.05 (0.04-0.06) 0.08 (0.06-0.1) <00l I8 33
Mitral valve E/e’ ratio (medial) 15.7 (11.7-21.7) 10 (7.5-12.9) <001 15 28
Mitral valve lateral annulus €’ velocity (m/s) 0.07 (0.05-0.09) 0.1 (008-0.12)  <.00I 25 39
Mitral valve E/e’ ratio (lateral) ['1.7 (8.6-16.7) 7.5 (5.7-10) <00l 25 39
Left ventricular intracavitary peak velocity (m/s) 2.7 (2-39) N/A NA 35 —
Left ventricular outflow peak velocity (m/s) 35 (22-45) N/A NA 38 =
Left atrial volume index (mL/m?) 42 (34-53) 30 (24-38) <00l 41 52
Right ventricular systolic pressure (mm Hg) 33 (28-41) 30 (26-37) <00l 19 23

“All numerical variables were summarized as median (Q1-Q3) or n (%).

E/e’ ratio, ratio between peak early mitral inflow velocity and mitral early diastolic medial annular velocity; HCM, hypertrophy cardiomyopathy; NA, not available; Q1 first

quartile; Q3, third quartile.

analysis. For data imputation, median values

were used to address missing values as recom-
. 12

mended by Acuna and Rodriguez.

Model Development

We developed 4 supervised random forest
models for the diagnosis of HCM, each
including demographic characteristics and
echocardiographic metrics. The input data
for all models included 3 demographic vari-
ables (age, sex, and body surface area) and
standard echocardiographic ~measurements
relevant to HCM diagnosis, extracted from
echocardiographic reports. Initially, a compre-
hensive list of echocardiographic metrics was
reviewed by cardiologists with expertise in
echocardiography. Metrics were categorized
based on relevance to HCM diagnosis and
considered for inclusion. After categorization,
correlation analysis was performed with the
exclusion of correlated variables. This process
avoided redundancy and selected the most
relevant metrics for HCM diagnosis.

Demographic variables such as age, sex and
body surface area were incorporated into the
models to enhance predictive capability.

Throughout the model development pro-
cess, demographic, standard echocardio-
graphic metrics and strain measurements
were added to the models as follows:

Model 1: This baseline model included
only demographic and the standard
echocardiographic metrics (Table 2)
without strain variables.

Model 2: This model included left ventric-
ular global longitudinal strain in addi-
tion to demographic and standard
echocardiographic metrics. Global longi-
tudinal strain provides a measure of
myocardial deformation during the car-
diac cycle.

Model 3: This model included averaged
strains derived from speckle-tracking
echocardiography in addition to demo-
graphic and standard echocardiographic
metrics. The averaged strains were
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obtained at the left ventricular base,
mid, and apical segments. A total of 3
sets of averaged strains from each of
these locations were included in
model 3.

Model 4: This model included 17 individ-
ual strain values from each cardiac
segment in addition to clinical and stan-
dard echocardiographic metrics. This
granular approach enables a detailed
characterization of myocardial me-
chanics. Supplemental Figure 1 (avail-
able online at https://www.
mcpdigitalhealth.org/) shows strain im-
ages of an HCM patient in the study
group from the echocardiographic re-
view system where each numeric value
of strain metrics is entered and stored.

Four ML models were trained using super-
vised random forest algorithms, selected for
their high performance in classification
tasks.''" After data preparation and variable
selection, the ML models classified patients
as HCM cases or controls without HCM
(Supplemental Figure 2, available online at
https://www.mcpdigitalhealth.org/). The data
set was divided into 10 subsets to perform
10-fold crossvalidation.'” Within each fold,
an 80:20 train:itest split was applied. The
trained models were evaluated on 20% of
the data set in each fold. The models with
the best performance across all folds were
selected. For analysis, the following performed
metrics were calculated: sensitivity, specificity,
positive predictive value (PPV), negative pre-
dictive value, and area under the curve (AUC).

To enhance interpretability, we conducted
a feature importance analysis to identify the
most influential variables driving the classifica-
tion decisions. This analysis aids in under-
standing the models underlying mechanisms
and facilitates the interpretation of model pre-
dictions. Criteria used for classifying patients
as HCM cases or controls without HCM are
explicitly described to provide transparency
and facilitate understanding of the model.

Statistical Analyses

Baseline demographic characteristics and
echocardiographic variables were expressed
as median (first quartile [Q1] and third quar-
tile [Q3]). Differences between cases and

controls were calculated using Kruskal-Wallis
rank sum test for continuous data or a Pearson
% test for categorical data. All tests were un-
paired, and a 2-tailed P value of <.05 was
considered statistically significant. All calcula-
tions and models were performed using R pro-
gram version 4.1.2. The sensitivity, specificity,
PPV, negative predictive value, and AUC of the
receiver operating characteristics were calcu-
lated to evaluate model performance using
the test set.

Missing values were addressed by
imputing the median value of each variable
separately for cases and controls. This
approach was chosen to maintain consistency
and accuracy within each data set while simu-
lating real-world echocardiographic reporting
scenarios. Although considering the exclusion
of cases with missing values, we opted for
imputation due to the limited number of cases
affected and the potential introduction of bias
through exclusion. '

RESULTS

Overall, the study cohort consisted of 5,548
HCM cases (56.7% males; median age at echo-
cardiography, 58 years; interquartile range,
46-67 years) and 16,973 age-matched, sex-
matched, and date of echocardiography-
matched controls without HCM who under-
went clinically indicated echocardiography
from January 1, 2004, to March 15, 2019.
Among the HCM cases, 4214 (76%) had
mitral regurgitation, reported as mild in
2064 (37%), as moderate in 1407 (26%),
and as severe in 743 (13%) cases. In total,
3863 (68%) patients reported evidence of sys-
tolic anterior motion of the mitral valve. Addi-
tionally, 3339 patients (60%) had obstructive
HCM subtype with a resting left ventricular
outflow tract peak velocity median value of
3.5 m/s (Q1, 2.2 m/s; Q3, 4.5 m/s).

As expected, compared with controls, pa-
tients with HCM had thicker left ventricular
walls, higher left ventricular mass, and higher
left ventricular ejection fraction (Table 2). The
medial e’ velocity was lower and the E/e’ ratio
was higher in HCM cases compared with those
in controls without HCM, indicating that
HCM cases were more likely to have elevated
left ventricular filling pressure compared
with controls. The left atrial volume index
and the estimated right ventricular systolic
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TABLE 3. Performance Metrics of ML Models to Identify HCM

Model name AUC (95% Cl)

PPV (95% Cl)

Sensitivity (95% Cl)  Specificity (95% Cl)

Model | (without strains)
Model 2 (with global strain)

092 (0.90-0.94)
097 (0.95-0.98)
096 (0.94-097)
098 (0.97-0.99)

Model 3 (with averaged strains)
Model 4 (with individual strains)

0.96 (091-098)
099 (099-1.00)
0.95 (0.89-097)
095 (091-0.98)

087 (0.75-0.95)
098 (097-0.99)
097 (0.94-098)
098 (096-0.99)

065 (0.61-0.69)
069 (0.65-0.72)
084 (0.81-0.86)
083 (0.80-0.87)

AUC, area under the curve; HCM, hypertrophic cardiomyopathy; ML, machine leaming; PPV, positive predictive value.

pressure were also higher in HCM cases
compared with controls (Table 2). The global
left ventricular longitudinal strain was less
negative for HCM cases (—15 [Ql, —17;
Q3, —12]) compared with that for controls
(=19 [Ql, —21; —17]; P<.001]. Table 2
shows percentage of missing values for each
variable.

Model Performance
All models successfully distinguished HCM
from controls with AUCs ranging from 0.92
to 0.98. The AUCs of model 2 (global strain;
AUC, 0.97; 95% CI, 0.95-0.98), 3 (averaged
strain; AUC, 0.96; 95% CI, 0.94-0.97), and
4 (individual strains; AUC, 0.98; 95% CI,
0.97-0.99) were comparable as evidenced by
overlapping confidence intervals (Table 3).
Model 1 (with no strain data) had inferior
AUC (0.92; 95% CI, 0.90-0.94) compared
with model 2 (AUC, 0.97; 95% CI, 0.95-
0.98), and model 4 (AUC, 0.98; 95% CI,
0.97-0.99). Model 1 had inferior sensitivity
(0.87; 95% CI, 0.75-0.95) compared with
model 2 (sensitivity, 0.98; 95% CI, 0.97-
0.99), and model 4 (0.98; 95% CI, 0.96-
0.99), and no significant difference to model
3 (0.97; 95% CI, 0.94-0.98). Models 3 and 4
had superior specificity (0.84; 95% CI, 0.81-
0.86, and 0.83; 95% ClI, 0.80-0.87, respec-
tively) compared with models 1 (0.65; 95%
CI, 0.61-0.69) and 2 (0.69; 95% CI, 0.65-
0.72). All models had comparable PPV (Model
1: 0.96; 95% CI, 0.91-0.98; model 2: 0.99;
95% CI, 0.99-1.0; model 3: 0.95; 95% CI,
0.89-0.97; model 4: 0.95; 95% CI, 0.91-0.98).
The best predictors among the different
models for identification of HCM are summa-
rized in Supplemental Table 2 (available on-
line at https//www.mcpdigitalhealth.org/).
Although predictors varied depending on the
model used, left ventricular outflow tract

obstruction and interventricular septum dia-
stolic thickness remained the best predictors
for each model. All models that included left
ventricular longitudinal strain as input
(models 2-4) found these variables to be
among the best predictors. Based on this,
models 2-4 performed most accurately.

CDS Tool

These ML models generate input for the HCM-
ML-based CDS tool. The ML-based CDS tool
analyzes measurements obtained during
routine echocardiograms, provides estimated
probabilities of HCM, and real-time instruc-
tions to enhance diagnostic accuracy. This sys-
tem automatically identifies missing metrics,
promoting timely acquisition of mnecessary
measurements before image interpretation
completion and patient discharge.

Figure 2 illustrates the seamless integration
of the ML-based CDS tool into the echocardi-
ography laboratory workflows. Echocardio-
grams are ordered via the EHR system.
Sonographers acquire cardiac ultrasound im-
ages and obtain measurements analyzed by
ML models in real-time. If missing measure-
ments are identified by the models, sonogra-
phers obtain these measurements which can
be reanalyzed by the ML models automati-
cally. The cardiologist releases the final echo-
cardiographic report to the EHR.

The ML models have been installed in
servers that interface with the echocardio-
graphic review system. The server Operating
System is Rocky Linux 8.7 (Green Obsidian),
the platform is x86_64-pc-linux-gnu (64-bit)
with R version 4.2.2 (2022-10-31). The pro-
cessor is 10 core Intel Xeon W-1290 and Intel
UHD Graphics P630. The memory is 64 GB
(2 x 32 GB) DDR4-3200 UDIMM.
Supplemental Figure 3 (available online at
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FIGURE 2. HCM-AI CDS dataflow diagram within the echocardiography laboratory clinical operations. The dataflow diagram shows
the integration of the ML CDS tool within the clinical workflows of an echocardiography laboratory. This diagram delineates the
processes and interactions involved in leveraging advanced computational methodologies to augment diagnostic accuracy while
supporting provider workflows. CDS, clinical decision support; HCM, hypertrophic cardiomyopathy; ML, machine learning.

https://www.mcpdigitalhealth.org/)  displays
the architecture diagram of the HCM-CDS.

DISCUSSION

In this study, we developed, trained, and
tested 4 random forest ML models to enable
automated HCM case identification. These
models discriminated HCM cases from con-
trols with high performance as evident from
high AUC, sensitivity, and PPV. The super-
vised ML models were developed to infer rela-
tionships between standard echocardiographic
metrics and subsequently classify patients as
HCM cases or controls. The performance of
the outputs generated were evaluated through
iterative training (10-fold crossvalidation) to
reduce bias and variance.

For this study, supervised learning using
labeled data sets were used.'™'” Both labeled
inputs and outputs were used for HCM classi-
fication, separating HCM cases from controls

without HCM. The classifier used a random
forest ML process, which consists of a combi-
nation of decision trees that produce a classifi-
cation outcome.'""”'*!¥ Random forest can
handle large data sets and works well with
both categorical and continuous data.'”'*
This study also confirms the importance of
strain variables for accurate HCM identifica-
tion. Models that included strain variables as
input had superior performance compared
with model 1, which did not include strain.
Additionally, strain variables were among the
best predictors for the models 2-4. Previous
studies using traditional statistical analyses
have also found left ventricular strain by echo-
cardiographic aids in HCM diagnosis.' "’
The ML models found excellent perfor-
mance in distinguishing HCM from controls
without HCM, which included HCM mimics.
Cases with limited image quality and diagnos-
tically challenging situations were included in
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the study sets. This approach enabled transla-
tion of these ML models to clinical practice
assisting echocardiography providers in diag-
nosing HCM by echocardiogram. The inclu-
sion of amyloidosis and hypertensive heart
disease within the control group is a notable
strength of our study. This design allowed
for the assessment of model performance in
differentiating HCM from both HCM mimics
and  other  clinical indications  for
echocardiograms.

In our clinical practice, these ML models
generate input for the HCM-ML-based clinical
CDS tool. The HCM-ML CDS was designed to
improve quality of echocardiographic reports,
enhance report standardization, and facilitate
the delivery of comprehensive and clinically
relevant echocardiography reports to the
EHR, thus promoting patient-centered clinical
care. The HCM-ML CDS is portable to other
systems.

This study focused on ML models that
include demographic and echocardiographic
metrics. Looking ahead, we propose to inte-
grate electrocardiogram signals, clinical narra-
tives, and image analysis with state-of-the-art
ML techniques. Future studies should develop
and validate ML for extraction of information
from multiple sources to identify HCM among
patients with more limited hypertrophy (13-
14 mm) when present in family members of
a patient with HCM or in conjunction with a
positive genetic test identifying a pathogenic
or likely pathogenic variant in a sarcomere
gene. Data sources for these models would
include clinical notes for extraction of a family
history of HCM and genotype test reports in
addition to echocardiographic metrics.”**’ In
the future, the ML models can be adapted to
reflect updates of guideline criteria for HCM
diagnosis.

Limitations

This study used real-world echocardiographic
data and measurements, which were not al-
ways available from every echocardiographic
report. To mitigate the effect of sparsity of
echocardiographic data metrics, imputation
was performed using the median value of
each variable, following a previously estab-
lished methodology.'” In the study, the gold
standard for comparison was the interpreta-
tion of clinically indicated echocardiograms

by board-certified cardiologists. Future exper-
iments can evaluate model performance with
cardiologists blinded to referral diagnosis. In
this study, the models were not tested against
independent readers using the same echocar-
diographic parameters. Moreover, further
studies are needed to assess the potential util-
ity to differentiate obstructive and nonobstruc-
tive subtypes, particularly in cases where
obstruction has not yet manifested. Data
from all echocardiographic laboratories of
Mayo Clinic enterprise were included in this
study; portability of this model to other prac-
tices should be evaluated in the future.
External validation studies using independent
HCM data sets and cohorts of patients with
HCM phenocopies including cardiac amyloid-
osis and hypertensive heart disease should also
be conducted. Images of each echocardio-
graphic were not reviewed owing to the large
sample size. However, all images had been
reviewed and interpreted by board-certified
cardiologists trained in echocardiography dur-
ing routine clinical practice.

CONCLUSION

Machine learning models for the analysis of
standard echocardiographic metrics identified
HCM cases with high performance. Detection
of HCM cases was improved in models when
echocardiographic strain measures were com-
bined with other echocardiographic metrics.
These tools may be useful for generating input
to CDS to assist providers during real-time
echocardiographic interpretation and report-
ing processes for patients with HCM. This
study found the feasibility of automating echo-
cardiographic diagnosis.
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