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ABSTRACT

Background Cardiac amyloidosis (CA) is an
underdiagnosed, progressive and lethal disease. Machine
learning applied to common measurements derived from
routine echocardiogram studies can inform suspicion of
CA.

Objectives Our objectives were to test a random forest
(RF) model in detecting CA.

Methods We used 3603 echocardiogram studies from
636 patients at Cedars-Sinai Medical Center to train an RF
model to predict CA from echocardiographic parameters.
231 patients with CA were compared with 405 control
patients with negative pyrophosphate scans or clinical
diagnosis of hypertrophic cardiomyopathy. 19 common
echocardiographic measurements from echocardiogram
reports were used as input into the RF model. Data was
split by patient into a training data set of 2882 studies
from 486 patients and a test data set of 721 studies from
150 patients. The performance of the model was evaluated
by area under the receiver operative curve (AUC),
sensitivity, specificity and positive predictive value (PPV) on
the test data set.

Results The RF model identified CA with an AUC of
0.84, sensitivity of 0.82, specificity of 0.73 and PPV of
0.76. Some echocardiographic measurements had high
missingness, suggesting gaps in measurement in routine
clinical practice. Features that were large contributors

to the model included mitral A-wave velocity, global
longitudinal strain (GLS), left ventricle posterior wall
diameter end diastolic (LVPWd) and left atrial area.
Conclusion Machine learning on echocardiographic
parameters can detect patients with CA with accuracy.
Our model identified several features that were major
contributors towards identifying CA including GLS, mitral
A peak velocity and LVPWd. Further study is needed to
evaluate its external validity and application in clinical
settings.

INTRODUCTION

Cardiac amyloidosis (CA) is a progressive
and lethal disease resulting from the depo-
sition of amyloid protein into myocardial
tissue. Amyloid deposits consist of misfolded
proteins that form fibrils and accumulate
in tissue." This amyloid deposition in the

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Cardiac amyloidosis (CA) is an underdiagnosed,
progressive and lethal disease and it is difficult to
diagnose it. Artificial intelligence is increasingly be-
ing used to help detect diseases. Echocardiography,
a commonly used cardiac imaging study, has been
used in deep-learning models to assist in the iden-
tification of CA.

WHAT THIS STUDY ADDS

= Our study demonstrates that common echocardio-
graphic measurements can be used in machine-
learning models to detect CA with accuracy. Our
random forest model identified CA with an area un-
der the receiver operative curve of 0.84, sensitivity
of 0.82, specificity of 0.73 and positive predictive
value of 0.76. The accuracy of our model was com-
parable in performance with previously published
approaches using other input data including ECG
waveforms, echocardiogram images and electronic
health records.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Our study has shown that in patients who are sus-
pected of having CA, machine learning models that
use common echocardiographic measurements can
be used to detect CA with accuracy. Future studies
should prospectively evaluate the performance of
machine learning models using echocardiographic
features to detect CA and other diseases. Future ap-
plications of our model to detect CA include use in
screening echocardiogram databases or implemen-
tation as part of the workflow in evaluating patients
who are deemed at high clinical risk of CA.

heart can result in restrictive cardiomyo-
pathy, leading to heart failure, arrhythmias
and ultimately death. CA is often diagnosed
late; once diagnosed, untreated patients
live only an average of a few years from the
time of diagnosis.”® With the development
of multiple new therapeutics, early identifi-
cation and treatment of CA is of increasing
importance.
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CA is likely underdiagnosed in common clinical prac-
tice, likely due to the non-specific symptoms patient expe-
rience that span across all types of heart failure. In cohorts
undergoing focused evaluation for CA, the prevalence of
CA seems higher. CA can be seen in around 13-17% of
patients with heart failure with preserved ejection frac-
tion.*” Additionally, CA is seen in up to 16% of patients
with degenerative aortic stenosis.” In autopsy studies,
transthyretin amyloid (ATTR) deposits have been found
to be present in the heart of up to 25% of patients aged
80 or older.” New disease-modifying drugs have been
shown to improve survival and reduce hospitalisations in
patients with CA;® however, data suggests more benefit
when administered earlier in the course of the disease,9
underscoring the importance of timely diagnosis.

Echocardiography, the most common form of cardiac
imaging, is often obtained in patients with heart failure
symptoms and contains multiple findings that can be
suggestive of CA.'” While echocardiography is common,
cost-effective and accessible, it is limited in the diagnosis
of CA by subjective human interpretation'' and variability
in interpretation.'”” Studies have demonstrated deep
learning models applied to medical imaging can derive
precise measurements and identify characteristics infor-
mative of future risk.” '* Echocardiography in particular
has been used in studies examining deep learning algo-
rithms to automate the screening and identification of
CA_ 1516

While more complicated artificial intelligence (Al)
models have been developed to assess ECG waveforms
and echocardiogram videos, there has been limited
work on repurposing commonly acquired conventional
measurements to help inform suspicion of CA. Such
approaches, including previously evaluated approaches
using electronic health record elements'” such as diag-
nosis codes, have shown promising results with lower
barriers to entry for adoption. In particular, we were
interested in conventional machine learning methods
such as random forest (RF) models which are well suited
for dealing with the non-linear and complex relation-
ships that are often present in medical data. In our study,
we investigated whether machine learning on routine
echocardiographic measurements can assist in the detec-
tion of CA (figure 1).

METHODS

Study setting

We conducted a retrospective analysis of patients with CA
who had echocardiography studies obtained at Cedars-
Sinai Medical Center between 1 January 2007 and 31
August 2023. The patients with CA were compared
against a combination of patients who had high clin-
ical and echocardiographic suspicion for CA but were
ruled out. These control patients included patients who
received negative cardiac pyrophosphate (PYP) scans as
well as patients eventually diagnosed with hypertrophic
CA. We used this population in order to best train our

model to detect CA with accuracy. A total of 636 patients
were included in the analysis and all transthoracic echo-
cardiogram studies were used. Data was split at the patient
level in a 4:1 ratio between training and validation data
sets. For patients with multiple echocardiogram studies,
each study was treated as an independent data point in
our analysis within the same split.

Clinical data for patients was extracted from electronic
medical records including demographics and medical
comorbidities. We chose common cardiometabolic
comorbidities to help characterise our patient popula-
tion such as hypertension, diabetes mellitus, coronary
artery disease and atrial fibrillation. All forms of CA were
included in the cases including both TTR and immu-
noglobulin light chain (AL) CA and were identified
through both our advanced heart failure registry and a
list of patients with a positive PYP scan. Medical comor-
bidities were determined through the International Clas-
sification of Diseases 9th and 10th edition codes.

Machine learning
We developed a RF model due to its several intrinsic
advantages for our task. The most common echocardi-
ogram measurements (present in at least 65% of cases)
were used to build the machine learning model. We used
only standardly measured echocardiogram measure-
ments to build our model, as many CA hallmarks such as
pericardial effusion or strain relative apical sparing are
not routinely measured. We inputted missing values for
each feature with median values from the existing values.
Global longitudinal strain (GLS) measurements, not
commonly reported in clinical echocardiogram studies,
were manually and prospectively measured using TomTec
imaging software; this was measured blind to patient char-
acteristics. Echocardiograms in which the patient was in
atrial fibrillation were excluded. Ultimately, 19 common
echocardiographic measurements from echocardiogram
reports were used for the model (online supplemental
table 1). All features’ values were scaled using minimal-
maximal normalisation into 0-1.

During training, we set the hyperparameter of RF using
a number of trees as 100, minimal samples split as 2 and
minimal samples leaf as 1, employing the Gini impurity
criterion to measure node purity in the data set. We
implemented a stepwise feature selection protocol using
the RF model to identify the most informative subset
of features for predicting CA. This process began with
an empty feature set and iteratively added features that
maximised the area under the receiver operating curve
(AUQ) value. In each round, the feature that provided
the highest increase in AUC was retained and the model
was retrained to assess the cumulative effect on perfor-
mance. This iterative approach continued until the addi-
tion of new features failed to improve the AUC for three
consecutive rounds. This feature selection strategy not
only identified the most predictive subset of features but
also helped mitigate overfitting by limiting the model
complexity. The result was a robust set of features that
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Figure 1

Development and evaluation of a random forest model to predict cardiac amyloidosis. AoR, aortic root; AUC, area

under the receiver operative curve; AV, aortic valve; EF, ejection fraction; GLS, global longitudinal strain; IVSd, interventricular
septal end diastole; LA, left atrium; LVEF, left ventricular ejection fraction; LVIDd, left ventricular internal diameter end diastole;
LVIDs, left ventricular internal diameter end systole; LVOT, left ventricular outflow track; LVPWd, left ventricular posterior

wall end diastole; MV, mitral valve; PA, pulmonary artery; PYP, pyrophosphate; RF, random forest; SHAP, SHapley Additive
exPlanations; TAPSE, tricuspid annular plane systolic excursion; TR, tricuspid regurgitation.

contributed to the model’s predictive capabilities with
the best feature achieving the highest individual AUC.
Models trained with fewer features did not yield as high
AUC.

Statistical analysis

In this study, we used non-parametric methods for statis-
tical inference. Continuous variables were summarised
as median (IQR) or mean (SD) if normally distributed
whereas categorical variables were summarised using
counts and percentages. Mean values of each echocardi-
ogram feature were calculated and p values were gener-
ated. The performance of the model was evaluated by
AUC, sensitivity, specificity and positive predictive value
(PPV). A SHapley Additive exPlanations (SHAP) algo-
rithm was used to interpret the RF model to show the
impact of each feature on the model in order of impor-
tance. SHAP values were used to determine the signifi-
cance of each feature in the model. The development of
the machine learning model and statistical analysis was

conducted using Python V.3.8.13 with scikit-learn V.0.24.2
and SciPy Package V.1.10.1.

RESULTS
Our data set consisted of 3603 echocardiograms from
636 patients at Cedars-Sinai Medical Center between 1
January 2007 and 31 August 2023. The median age was 72
(62-81) years. 69.2% were men, 61.9% had hypertension,
40.9% had diabetes mellitus, 40.9% had coronary artery
disease and 38.5% had atrial fibrillation (table 1). 231
patients were diagnosed with CA and had 1581 echocardi-
ograms in the study period. Of these patients, 55 (23.8%)
had AL, 91 (39.4%) had ATTR and 85 (36.8%) had an
unspecified subtype of CA. The control group consisted
of 405 patients with 2022 echocardiograms. The cohort
was split into 486 patients (2882 studies) for training and
150 patients (721 studies) for testing (figure 2).

The RF model used 19 features from echocardio-
gram reports. Mean values of these features in cases and
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Table 1 Baseline participant characteristics
Amyloid Non-amyloid
All (N=636) (N=231) (N=405)
Median (IQR) or Median (IQR) or Median (IQR) or
N (%) N (%) N (%)
Age 72 (62-81) 72 (63-79) 72 (62-81)
Men 440 (69.2) 188 (81.4) 247 (61.0)
Subtype
AL 55 (23.8)
ATTR 91 (39.4)
Unspecified 85 (36.8)
Hypertension 394 (61.9) 134 (58.0) 260 (64.2)
Diabetes 260 (40.9) 81(35.1) 179 (44.2)
mellitus
Coronary artery 260 (40.9) 93 (40.3) 167 (41.2)
disease
Atrial fibrillation 245 (38.5) 110 (47.6) 135 (33.3)

AL, immunoglobulin light chain amyloidosis; ATTR, transthyretin
amyloidosis.

controls are presented in table 2. Overall, patients with CA
had lower mitral early-diastolic (E) peak velocities (82.87
(21.81) cm/s vs 98.11 (41.58) cm/s; p value<0.001),
lower mitral end-diastolic (A) peak velocities (45.53
(17.14) cm/s vs 77.91 (38.89) cm/s; p value<0.001) and
higher pulmonary artery pressures (34.96 (12.62) mm
Hg vs 30.08 (13.35) mmHg; p value 0.002). Structur-
ally, patients with CA had smaller left atrial (LA) areas
(24.19 (6.11) cm® vs 25.86 (10.15) cm?; p value<0.001)

and smaller chamber dimensions (left ventricular
internal diameter end diastole 4.24 (1.23) vs 4.51 (0.82);
p value<0.001). Functionally, patients with CA had lower
left ventricular ejection fraction (LVEF) (56.63 (13.30) %
vs 58.30 (14.50)%; p value<0.001) and lower tricuspid
annular plane systolic excursion (TAPSE) (1.50 (0.74)
mm vs 1.85 (0.98) mm; p value<0.001) compared with
echocardiograms without CA.

Using all 19 echocardiogram features, our RF model
identified CA with an AUC of 0.84. Sensitivity was 0.82
while specificity was 0.73; PPV was 0.76. When using a
stepwise feature selection strategy, a parsimonious RF
model using only 14 features had an AUC of 0.83, sensi-
tivity of 0.79, specificity of 0.73 and PPV of 0.75 (table 3).
The differential impact of each echocardiogram feature
on the RF model was evaluated using the SHAP value
(figure 3). Mitral A-wave velocity (MV A peak velocity)
had the largest impact on model output. GLS, left
ventricle posterior wall diameter end-diastolic (LVPWd),
LA area, left ventricular outflow tract peak velocity, aortic
valve peak gradient and mitral E-wave velocity also had
large impacts on model output. Some echocardiogram
features were not present in all echocardiograms, thus
the frequency at which they were missing was determined
(ie, a missingness rate) (online supplemental figure 1).
GLS had the highest rate at 71.5%. TAPSE and MV A
peak velocity were second highest at a missingness rate
of 32.9%. The LA area had a missingness rate of 28.5%.

DISCUSSION
CA is an under-recognised disease but likely a more prev-
alent disease than previously recognised. In this study,

763 Patients with PYP scan

127 Patients without echocardiogram

report were excluded

636 patients included

3,603 matched echocardiograms

Training Set
2,882 studies from 486 patients

721 studies from 150 patients

Validation Set

Figure 2 Workflow of selecting cases for RF model. Patients with PYP scans were identified and those without
echocardiogram reports were excluded. The patients remaining were matched to their echocardiograms and a training set and
validation set were created. PYP, pyrophosphate; RF, random forest.
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Table 2 Mean echocardiogram features in
echocardiograms with amyloid and echocardiograms
without amyloid

Without amyloid  With amyloid

(N=2022) (N=1581)

Mean (SD) Mean (SD) P value
LVIDd (cm) 4.51(0.82) 4.24 (1.23) <0.001
LVIDs (cm) 3.09 (0.90) 2.96 (0.92) <0.001
LVPWd (cm) 1.22 (0.27) 1.32(0.39) <0.001
IVSd (cm) 1.35(0.42) 1.39 (0.42) 0.006
AoR diameter (cm) 3.23 (0.46) 3.21(0.43) 0.421
AV peak velocity 179.08 (82.61) 127.00 (46.96) <0.001
(cm/s)
AV peak gradient 15.77 (16.01) 7.41 (6.31) <0.001
(mm Hg)
LVOT peak velocity 111.54 (64.55) 85.52 (22.66) <0.001
(cm/s)
MV deceleration 229.23 (101.08) 180.24 (58.86) <0.001
time (cm/s)
MV E peak velocity ~ 98.11 (41.58) 82.87 (21.81) <0.001
(cm/s)
MV A peak velocity ~ 77.91 (38.89) 45,53 (17.14) <0.001
(cm/s)
LA area (cm?) 25.86 (10.15) 24.19 (6.11) <0.001
TR peak velocity 256.23 (68.56) 251.92 (55.83) 0.077
(cm/s)
TR peak gradient 30.08 (13.25) 28.57 (12.32) 0.002
(mm Hg)
PA pressure (mm 30.08 (13.35) 34.96 (12.62) 0.002
Hg)
TAPSE (cm) 1.85 (0.98) 1.50 (0.74) <0.001
GLS (%) -13.84 (5.16) —-9.59 (3.81) <0.001
LVEF (%) 58.30 (14.50) 56.63 (13.30) <0.001
EF A4C 2D (%) 58.34 (14.66) 56.32 (13.50) <0.001

AoR, aortic root; AV, aortic valve; EF, ejection fraction; GLS, global
longitudinal strain; IVSd, interventricular septal end diastole; LA, left
atrium; LVEF, left ventricular ejection fraction; LVIDd, left ventricular
internal diameter end diastole; LVIDs, left ventricular internal

diameter end systole; LVOT, left ventricular outflow track; LVPWd, left
ventricular posterior wall end diastole; MV, mitral valve; PA, pulmonary
artery; TAPSE, tricuspid annular plane systolic excursion; TR, tricuspid
regurgitation.

we demonstrated that machine learning (RF models)
using echocardiogram features can distinguish between
patients with CA versus non-CA with accuracy. By using
common echocardiographic measurements, such an
approach can be readily adapted from existing clinical
databases to augment clinician suspicion of CA. We

found our CA echocardiograms had diminished mitral
velocities, consistent with restrictive physiology,'® along
with decreased systolic function. The accuracy of our
model was comparable in performance to previously
published approaches using other input data including
ECG waveforms, echocardiogram images and EHR,
potentially allowing for multimodal complementary
approaches that augment the accuracy of any individual
model.

In our model, we found several features that were
prominent contributors towards predicting CA but had
high missingness rates within echocardiogram reports.
Both LVPWd and MV A peak velocity were important
predictors of our model, though also had a high missing-
ness rate (10.1% and 32.9%, respectively). Additionally,
decreased GLS is often an early, sensitive sign of CA and
a predictor of mortality in CA' and its predictive value
was confirmed in our study. We found that GLS was the
second most important echocardiogram feature that
contributed to our model, though had a missing rate of
71.5% in our study. This may be due to GLS not being
routinely measured on echocardiograms in the clinical
setting, potentially due to variability between ultrasound
machines and cost. However, GLS has increasingly been
seen as an effective tool in prognosticating heart failure
and may be superior to LVEE."”? Increasing LVPWd, MV
A peak velocity and GLS measurement in clinical settings,
potentially through automation through Al, may improve
early detection of CA.

With advances in treatment, it is crucial for the medical
community to improve CA diagnosis. A consensus
document from several organisations on multimodal
imaging in CA recently made a call to action to further
investigate machine learning-based modalities over stan-
dard approaches.”’ Recognition of CA is exceptionally
important given the possibility of effective early treat-
ment and recent literature has emphasised the education
of providers in the detection of this disease.”” In addi-
tion to tafamadis,” there are several emerging therapeu-
tics under clinical trial investigation for the treatment of
amyloidosis including TTR expression silencers, small-
interfering ribonuclear acid agents and TTR stabiliser
drugs.”

Future steps include external validation of the algo-
rithm and its application in clinical settings, possibly
through screening echocardiogram databases or imple-
mented as part of the workflow in evaluating patients who
are deemed at high clinical risk of CA.

Table 3 Random forest model performance metrics

AUC Sensitivity Specificity PPV
All 19 features 0.84 0.82 0.73 0.76
Feature selection (14 features) 0.83 0.79 0.73 0.75

AUC, area under the receiver operative curve; PPV, positive predictive value.
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Figure 3 SHAP values of RF model. This model demonstrates the differential impact of each echocardiogram feature (y-axis)
to the RF model measured through SHAP value (x-axis). AoR, aorticroot; AV, aortic valve; EF, ejection fraction; GLS, global
longitudinal strain; IVSd, interventricular septal end diastole; LA, left atrium; LVEF, left ventricular ejection fraction; LVIDd, left
ventricular internal diameter end diastole; LVIDs, left ventricular internal diameter end systole; LVOT, left ventricular outflow
track; LVPWd, left ventricular posterior wall end diastole; MV, mitral valve; PA, pulmonary artery; RF, random forest; SHAP,
SHapley Additive exPlanations; TAPSE, tricuspid annular plane systolic excursion; TR, tricuspid regurgitation.

Limitations

A few limitations should be noted. Our study only
includes echocardiogram data from Cedars-Sinai
Medical Center, mainly deriving from patients in
Los Angeles County; future work is needed to vali-
date such an approach in external populations. While
echocardiograms are not used for definitive diagnosis
of CA, we focused on echocardiography as it is the
most common form of cardiac imaging, making it a
suitable candidate screening tool at the beginning
of any diagnostic pathway. Even with high suspicion,
further confirmatory tests such as the PYP scan are
necessary for the definitive diagnosis of CA. Other
limitations include the higher missingness values for
some parameters including GLS. Additionally, our
study groups together all types of CA, though they may
have different echocardiographic features. Finally,
the echocardiographic measurements used were only
derived from common echocardiogram measure-
ments; we did not include descriptive features such
as the existence of pericardial effusion, severity of
diastolic dysfunction or less common measurements
such as right ventricular thickness.

CONCLUSION

CA is an under-recognised and progressive disease;
advancements in machine learning can allow for
improved detection of CA. Our study demonstrates
the effectiveness of machine learning (RF models)
in detecting CA through echocardiographic meas-
urements in electronic health records. Furthermore,
our model identified several features that were major
contributors towards identifying CA including GLS,
MV A peak velocity and LVPWd and some of these
measurements have high missingness in EHR data
suggesting gaps in measurement in routine clinical
practice. Thus, increasing the measurement of these
features in the clinical setting may aid in the detec-
tion of CA. While the model shows promise, external
validation and further study are essential to deter-
mine its broader applicability in clinical settings.

X Rachel Si-Wen Chang @rachechang and Louie Cao @LouieCaoMD
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