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BACKGROUND: Cardiac amyloidosis (CA) is an underdiagnosed yet treatable cause of heart failure in which timely diagnosis is
essential to initiate life-prolonging therapies:While artificial intelligence (Al)-based tools using transthoracic echocardiography
(TTE), electrocardiography, or electronic health records have demonstrated promise for CA detection, most rely on single
data sources. We aimed to evaluate whether integrating clinical, laboratory, and TTE biomarkers improves the performance
of an existing TTE-based Al model for CA detection.

METHODS: We developed and tested a combined Al echo-clinical model (AI-ECM) incorporating demographics, laboratory biomarkers,
and TTE parameters into a previously validated TTE-only Al model (Us2.Ca). Model training and internal validation were performed
using the Amyloidosis Imaging International Consortium, a global multiethnic registry comprised of 727 patients with CA and 316
controls, including 202 with suspected transthyretin-CA with negative diagnostic evaluation.and 114 patients with biopsy-proven
extracardiac light chain amyloidosis without cardiac-involvement. Ground truth CA-diagnosis was adjudicated per consensus criteria.
AI-ECM and Us2.Ca performance was assessed using area under the curve, accuracy, sensitivity, and specificity.

RESULTS: In building the AI-ECM, feature importance analysis showed that having the Us2.Ca prediction scores, relative wall
thickness, gender, and estimated glomerular filtration rate contributed most to performance. The AI-ECM demonstrated
superior performance (area under the curve, 0.94; accuracy, 90%; sensitivity, 93%; specificity, 85%) compared with the
Us2.Ca (area under the curve, 0.89; accuracy, 80%; sensitivity, 76%; specificity, 91%; P=0.006). While the Us2.Ca model
classification was indeterminate in 9% of the cases, the AI-ECM allowed classification of all cases. The AI-ECM improved
sensitivity for light chain-CA detection and maintained high accuracy across subtypes and control groups.

CONCLUSIONS: A multiparametric Al model integrating basic clinical, laboratory, and TTE data with the deep learning Us2.
Ca improved performance for CA detection over Us2.Ca alone. This approach represents a step toward scalable, Al-guided
precision diagnostics for CA in diverse populations.

GRAPHICAL ABSTRACT: A graphical abstract is available for this article.
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CLINICAL PERSPECTIVE

Cardiac amyloidosis remains underrecognized
despite increasing availability of disease-modifying
therapies and growing awareness of the disease. In
this international multicenter study, we developed and
validated a fully automated multimodal artificial intel-
ligence echo-clinical model integrating deep learning-
based echocardiographic analysis with routinely
available demographic, laboratory, and echocardio-
graphic parameters. Compared with a transthoracic
echocardiography-only artificial intelligence model
and established multiparametric echocardiographic
scores, the multimodal model improved diagnostic
performance while eliminating indeterminate classifi-
cations. The addition of clinical and laboratory param-
eters particularly improved sensitivity for light-chain
cardiac amyloidosis detection. These findings support
the potential role of multimodal artificial intelligence as
an accurate and scalable approach for cardiac amyloi-
dosis screening with echocardiography.

Nonstandard Abbreviations and Acronyms

Al artificial intelligence

Al-ECM artificial intelligence echo-clinical
model

AL-CA light chain cardiac amyloidosis

AUC area under the curve

ATTR-CA transthyretin cardiac amyloidosis

CA cardiac amyloidosis

eGFR estimated glomerular filtration rate

GLS global longitudinal strain

IWT increased wall thickness

Lv left ventricular

NT-proBNP N-terminal pro-B-type natriuretic
peptide

RWT relative wall thickness

SAB septal apical-to-basal

TTE transthoracic echocardiography

nized and treatable cause of heart failure due to

deposition of misfolded proteins within the myocar-
dium. While effective life-prolonging therapies exist for
the 2 most common subtypes, they are most impactful
when initiated before onset of late-stage disease.'™
Timely diagnosis is therefore critical to ensure access to
treatment.

In clinical practice, suspicion for CA is often raised
by the presence of characteristic red flag features
spanning demographics (older age, male sex), clinical
history (bilateral carpal tunnel, lumbar spinal stenosis),

Cardiac amyloidosis (CA) is an increasingly recog-
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laboratory biomarkers (elevated cardiac troponins and
NT-proBNP [N-terminal pro-B-type natriuretic peptide]),
and electrocardiographic and echocardiographic find-
ings. Transthoracic echocardiography (TTE) plays a piv-
otal role in this workup due to its wide availability and
low cost. Classical TTE features—including increased
wall thickness (IWT), impaired global longitudinal strain
(GLS) sparing apical segments, increased myocardial
echogenicity, and biatrial enlargement—may prompt fur-
ther confirmatory testing such as nuclear scintigraphy,
cardiac magnetic resonance, and myocardial biopsy.
However, despite improved awareness and the emer-
gence of targeted therapies, diagnostic delays remain
all too common. Even in the modern era, the median time
from clinical suspicion to diagnosis can approach 1 year,
likely underestimating true delays from symptom onset.®
While provider awareness is 1 factor, another key barrier
is that current frontline tests lack sufficient accuracy for
broad screening. Even TTE has limitations: recent stud-
ies show that hallmark features such as apical sparing in
GLS may have lower diagnostic performance in modern
cohorts.®

To address this gap, recent a@amr:es* in artificial intel-
ligence (Al) and machine learning are being applied to
various modalities—TTE, ECG, electronic health records,
and laboratory data—to improve early CA detection.””'®
These ‘models have shown promising performance
with the potential to facilitate scalable, automated CA
screening. In_particular, deep learning-based Al-driven
algorithms ' for: automated analysis of TTE images
are showing potential as effective tools to screen for
CA."=° Our group has recently showed that a novel deep
learning-based Us2.Ca model (recently FDA-cleared)
outperformed screening scores currently being used in
clinical practice, with high accuracy.”® However, a key
limitation of such models is their exclusion of clinical,
laboratory, and additional imaging data that inform real-
world decision-making, potentially overlooking important
diagnostic cues.

Accordingly, we hypothesized that integration of clini-
cal, laboratory, and TTE data—including outputs from
an Al TTE model—into a fully automated, comprehen-
sive machine learning TTE and Al echo-clinical model
(AI-ECM) would improve performance over a previously
developed deep learning-based Al TTE model (Us2.Ca)
for CA detection.’® We therefore aimed to evaluate the
incremental value of adding clinical and laboratory fea-
tures to the TTE-only Al model within a large, global, mul-
tiethnic registry.

METHODS

Combined Echo-Clinical Model Al Cohort

The AI-ECM, integrating clinical, laboratory, and imaging bio-
markers into the previously developed deep learning-based
model, Us2.Ca, was trained and validated using the Amyloidosis
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Imaging International Consortium database. This global, multi-
ethnic registry contains clinical, laboratory, and imaging data,
as well as de-identified TTE digital imaging and communica-
tions in medicine. The entire Amyloidosis Imaging International
Consortium cohort includes 1140 patients with CA and phe-
notypically relevant controls referred for clinically indicated
TTE exam, from 9 academic medical centers spanning 4
countries: Columbia University Irving Medical Center (New
York City), The Ohio State University (Columbus), University of
Chicago (Chicago), University of Pennsylvania (Philadelphia),
University of Washington (Seattle), Hospital of the University
of the Occupational and Environmental Health (Kitakyushu,
Japan), Instituto do Coracdo (Sao Paulo, Brazil), Instituto
Cardiovascular de Buenos Aires (Buenos Aires, Argentina),and
National University of Tucuman (Tucuman, Argentina). Each site
obtained appropriate ethical permission with waiver of informed
consent for this retrospective study. The cohort used in this
analysis is independent of previously published or submitted
validation cohorts for the TTE-only Us2.Ca model.'” Because
of the sensitive nature of the data collected for this study,
requests to access the data set from qualified researchers
trained in human subject confidentiality protocols may be sent
to the corresponding author.

After exclusion of 92 (8.1%) patients in whom an api-
cal 4-chamber view was not available for analysis or was
unable to be detected by the Al (n=73), or was present
but of insufficient quality for Al analysis (n=19), this study
included 727 patients with proven CA and-316 phenotypic
controls—comprised of 202 patients in which.CA was sus-
pected but excluded by technetium pyrophosphate scan and
114 patients with biopsy-proven AL amyloidosis without car-
diac involvement as defined by negative cardiac magnetic
resonance and negative' NT-proBNP.'"® TTEs were acquired
closest to the time of diagnosis in patients with CA, or at
the initiation of CA workup in control patients (median time,
27 [IOR, 5-110] days between TTE and CA diagnosis). All
studies were performed by trained sonographers using com-
mercial ultrasound systems (Philips-or GE). Clinical and labo-
ratory biomarker data—including demographics, NT-proBNPF,
serum and urine immunofixation, and serum free light chains
closest to the TTE—were collected through review of the
electronic health record at each institution.

CA Diagnosis

The presence of CA was independently adjudicated by a CA
expert at each enrolling center, according to multisocietal guide-
lines: (1) positive endomyocardial biopsy, (2) positive extracar-
diac biopsy with typical cardiac imaging features and elevated
NT-proBNP (for light chain-CA [AL-CA]), or (3) noninvasively
by Perugini grade 2 or 3 cardiac uptake on 99mTc-DPD scin-
tigraphy in the absence of an abnormal free light chain ratio
or monoclonal gammopathy.'®2° Technetium pyrophosphate
scintigraphy was interpreted using the Perugini visual grad-
ing system; grade 2 to 3 uptake in the absence of a mono-
clonal protein was considered diagnostic of transthyretin-CA
(ATTR-CA) in the absence of a monoclonal light chain, whereas
grade O to 1 uptake was considered negative for ATTR-CA,
and such patients were classified as controls in accordance
with established diagnostic guidelines. Among patients with
ATTR-CA, 4 had Perugini grade O and 7 had Perugini grade 1
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uptake on technetium pyrophosphate scintigraphy; all of these
11 had endomyocardial biopsy-confirmed CA (Table S1).

TTE Image Analysis and Multiparametric TTE
Score Calculation

The IWT score and the systemic light chain amyloidosis (AL)
score are established multiparametric echocardiographic scor-
ing systems designed to aid in the diagnosis of CA, particularly
its subtypes ATTR-CA and AL-CA amyloidosis.?' In the original
study, an IWT score threshold of 26 points and an AL score
threshold of >3 points yielded the optimal balance of sensitiv-
ity and specificity for CA detection. In the present study, these
scores were calculated using these established thresholds to
serve as a conventional clinical benchmarks against which the
performance of the TTE-only deep learning model (Us2.ai) and
the proposed integrated clinical-AlI-ECM were compared.

The IWT score incorporates 5 echocardiographic param-
eters: relative wall thickness (RWT >0.6, 3 points), E/e’ ratio
(>11, 1 point), tricuspid annular plane systolic excursion (<19
mm, 2 points), GLS (longitudinal strain <=139%, 3 points), and
septal apical-to-basal (SAB) strain ratio (>2.9, 3 points), with
scores 26 considered abnormal. The AL score includes 4 vari-
ables: RWT >0.52 (2 points), E/e/ 10 (2 points), tricuspid
annular plane systolic excursion &9 mm=(1 point), and lon-
gitudinal strain <=14% (1 point), With "§¢6fés >3 considered
abnormal. These parameters and their respective thresholds
were applied in the derivation of IWT scores. All TTE mea-
surements used to derive the multiparametric scores were
obtained through automated analysis using a validated FDA
and CE-marked Al software including GLS (Us2.ai, Singapore).

Previous Echo Al Model Development

Us2.Ca is a regulatory-cleared (FDA-cleared and CE-marked)
pattern-. recognition-~model for; CA detection (Us2.ai,
Singapore).'® It was developed using apical 4-chamber echo-
cardiographic videos from 4371 patients and 1526 controls.
For each patient, a continuous CA probability score was gener-
ated by Us2.ai software, which employs an automated pipeline
to identify appropriate views, segment cardiac cycles, and per-
form beat-by-beat inference. Classification thresholds in this
study were applied as per the original model's specifications:
scores 20.80 were considered positive for CA, scores <0.45
were considered negative, and scores between 0.45 and 0.80
were classified as indeterminate.

Combined Echo-Clinical Model Development

The data set for developing the AI-ECM model was randomly
split into training (70%), validation (15%), and test (15%)
sets, with stratification to ensure proportional representation
of ATTR-CA, AL-CA, and control cases across each split. The
AI-ECM model is a supervised machine learning model devel-
oped using the XGBoost model, designed to integrate multi-
modal clinical, imaging, and biochemical data to improve the
diagnosis of CA22 XGBoost is a high performance, tree-based
ensemble method that builds decision trees sequentially, where
each new tree is trained to correct the residual errors of the
preceding ensemble. It optimizes a regularized objective func-
tion with a penalty term that discourages overly complex mod-
els. This regularization improves generalizability, particularly in
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data sets with correlated or high-dimensional inputs. The final
prediction is made by aggregating the outputs of all trees in the
ensemble, weighted by their respective learning contributions.

The model incorporates probability scores from the Us2.Ca
alongside selected demographic parameters, TTE measure-
ments, and biochemical markers. Specifically, the input features
can included RWT, global longitudinal left ventricular apex-to-
basal strain ratio (LV SAB), as well as patient demographics
such as age, gender, height, weight, and body mass index.
Additional serum and urine biomarkers included serum kappa
and lambda light chains, the presence of monoclonal proteins
detected via immunofixation in serum and urine, and renal and
cardiac biomarkers such as creatinine and estimated glomeru-
lar filtration rate (eGFR). NT-proBNP was not included as an
input feature in the fusion models because it forms part of the
diagnostic criteria used to adjudicate cardiac involvement in AL
amyloidosis. Inclusion of this biomarker in the predictive model
would therefore introduce incorporation bias when distinguish-
ing CA from noncardiac controls.? In all instances, the labora-
tory values closest to the time of TTE acquisition were used.

The XGBoost model was developed in a stepwise man-
ner to assess the incremental value of each group of fea-
tures. The initial model, Us2.Ca+RWT, combined the pattern
recognition CA score with RWT alone. The second iteration,
Us2.Ca +RWT+SAB, added LV SAB to enhance strain-based
myocardial deformation characterization. The third model, Us2.
Ca+RWT+SAB+Clin, further incorporated demographic vari-
ables to account for patient-specific factors.. Subsequently,
Us2.Ca+RWT+SAB+Clin+Labs included protein biomarkers
and finally, the AI-ECM model integrated all available features,
adding the normalized biomarkers of renal function (creatinine
and eGFR) to the aforementioned parameters and the Us2.Ca
score. The final AI-ECM-did not use indeterminate values.

Importantly, the CA score generated by the Us2.Ca served
as a mandatory input for all subsequent XGBoost fusion mod-
els developed in this study. Each XGBoost model version was
built upon the foundation of the Us2.Ca score, with progres-
sively additional clinical, imaging, demographic, and biochemi-
cal features layered in to assess their incremental diagnostic
value when paired with the Us2.Ca. To isolate the specific
added value of the Us2.Ca pattern recognition score, a sep-
arate sensitivity analysis was also performed by training an
XGBoost model using only demographic, biomarker, and TTE
data (excluding the Us2.Ca score).

Hyperparameters of the XGBoost models were optimized
via b-fold cross-validation on the training and validation data
splits. Notably, the same set of hyperparameters was consis-
tently selected across all fusion models, indicating stable model
tuning despite incremental feature additions. This uniformity in
hyperparameter selection facilitates a fair comparison of model
performance attributable to the varying feature sets. Early stop-
ping with a patience of 10 rounds was used based on validation
performance to prevent overfitting and enhance generalizability.

Handling of Missing Data in Echo-Clinical
Models

Missing data rates for all clinical, laboratory, and echocardio-
graphic input features are reported by CA status in Table S2.
XGBoost natively accommodates missing values through a
learned sparsity-aware split strategy, in which the algorithm
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determines the optimal default branch direction for instances
with missing values at each tree node during training based
on which direction minimizes the loss function. This approach
avoids the need for imputation and has been shown to perform
well under both random and nonrandom missingness patterns.
However, as certain echocardiographic parameters (eg, tri-
cuspid annular plane systolic excursion and strain ratios) may
exhibit differential missingness between CA cases and con-
trols—likely reflecting disease-related image quality limitations—
we performed the following additional analyses to assess the
impact of missing data on model performance. First, effective
sample sizes (ie, the number of patients with nonmissing val-
ues) are reported for each input feature stratified by CA status
and by model iteration (Table S3). Second, a complete-case
sensitivity analysis was performed by restricting the test set to
patients with no missing values across all AI-ECM input fea-
tures. AI-ECM performance metrics were recalculated in this
complete-case subset to assess whether differential missing-
ness influenced model comparisons. Finally, to directly evaluate
whether missingness patterns contributed to predictions, we
trained an auxiliary XGBoost model using only binary missing-
ness indicators (ie, missing versus Nonmissing) for each input
feature. The discriminative performance of this missingness-
only model was assessed to quantjfy the extent to which the
pattern of data availability alone w@f@ragﬁtﬁve of CA status.

Association.

Automated Quantification of Echocardiographic

Features

All" echocardiographic parameters used in the calculation of
the IWT score, AL score, and as input features to the AI-ECM
model were derived automatically from complete transthoracic
echocardiographic ‘studies using a fully automated, regulatory-
cleared software pipeline (Us2.ai, Singapore). The software per-
forms end-to-end image processing, including automated view
identification, cardiac chamber segmentation, and quantitative
measurement of RWT, LV SAB, tricuspid annular plane systolic
excursion, longitudinal-strain, and E/e’ ‘parameters, without
manual input or operator adjustment. These measurements are
generated from the raw TTE study upon completion of auto-
mated analysis, ensuring reproducible quantification across
large data sets. This fully automated workflow enables scal-
able application of the IWT score, AL score, and AI-ECM model,
allowing advanced echocardiographic features such as RWT
and SAB to be incorporated into routine clinical and research
workflows with the same ease as conventional measurements.

Statistical Analysis

Model performance for each of the staged combined clinical
and TTE models was evaluated on the validation and test sets
using metrics including the area under the receiver operating
characteristic curve, sensitivity, specificity, and overall accuracy.
Comparative assessment across the staged models allowed
quantification of the added predictive value contributed by each
additional set of features. For all combined clinical and TTE
models, the classification threshold for distinguishing CA from
control was selected such that specificities in the validation
and test splits were closest to 85%, allowing for a consistent
benchmark against the Us2.Ca model. Us2.Ca and IWT model
performance were similarly evaluated using the area under the
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curve (AUC), sensitivity, specificity, yield, and overall accuracy.
Baseline characteristics were summarized using descriptive
statistics; continuous variables were compared between CA
and control groups using Student ¢ test and categorical vari-
ables using the % test (Table 1).

To quantify the incremental benefit of the IWT model and
newer XGBoost-based staged models over the baseline
Us2.Ca model, the categorical net reclassification improve-
ment was calculated. Given the different architectures, the
net reclassification improvement was determined using the
model-specific optimal thresholds (fixed at 85% specific-
ity for the staged models and cutoff score of 6 for the IWT
scoring model) to identify net correct movement of patients
into appropriate risk categories. Overall model calibration and
probabilistic accuracy were assessed using the Brier score,
representing the mean squared difference between predicted
probabilities and actual outcomes. For the IWT scoring model,
raw scores were normalized to a O to 1 scale to facilitate the
Brier score calculation.

Ninety-five percent Cls for AUC were calculated using the
Delong method, while Cls for all other point estimates were
computed using the Wilson method. All statistical tests were
2-sided, with a significance level set at a <0.05. To assess the
relative importance of model inputs, feature importance scores
were extracted from the XGBoost classifier using the gain met-
ric, which quantifies the average improvement in model perfor-
mance, or a reduction in loss, brought by a feature when it is
used in a decision tree split. Gain-based importance reflects

Table 1.

Multimodal Al for Cardiac Amyloidosis: AI-ECM

how useful each feature was in improving model purity and
decision boundaries across all boosting rounds.

Given the lower prevalence of CA in clinical practice, we
performed nonparametric stratified bootstrap analysis to sim-
ulate PPV and NPV across a range of hypothetical disease
prevalences. The upper range of prevalence reflects clinical
scenarios in which the pretest probability of CA is elevated,
such as among patients referred for echocardiography with
clinical suspicion of infiltrative cardiomyopathy. For each investi-
gated model and each disease prevalence, we used a stratified
bootstrap resampling approach (2000 iterations). Specifically,
sensitivity and specificity were estimated by resampling the test
results of gold-standard positive and negative cases indepen-
dently with replacement. These estimates were then used to
calculate the simulated PPV and NPV using Bayes' theorem.
Point estimates for PPV and NPV were reported as the mean
of the bootstrap distribution, with 95% Cls derived using the
percentile method (2.6th and 97.5th percentiles). This simula-
tion allowed for a robust comparison of the models across vary-
ing clinical contexts.

RESULTS
Patient Demographics

A comparison of clinical, laboratory;“aid TTE features
between patients with CA and controls is presented in
Table 1.Overall, patient demographics were similar between

American

Comparison of Clinical, Laboratory, and Transthoracic Echocardiography

Parameters Between CA and Controls. Continuous Variables Are Compared Using Student ¢
Test and Categorical Variables Using.the x> Test Variables

Clinical characteristic CA cases (N=727) Controls (N=316) P value
Age, y, mean£SD 70.9+111 69.3+13.9 0.0864
Weight, kg;meantSD 78.2+19.7 82.8+22.0 0.0014
Height, cm, mean+SD 170.6+£11.6 169.1£11.4 0.0580
BMI, kg/m?, meantSD 26.8%£6.0 29.0£75 <0.0001
Gender, male, n (%) 535 (73.6%) 182 (57.6%) <0.0001
Ethnicity (n%)

Black 210 (28.9%) 105 (33.2%) <0.0001

Hispanic or Latino 120 (16.5%) 19 (6.0%)

White 280 (38.5%) 163 (51.6%)

Others/not reported 117 (16.1%) 29 (9.2%)
NT-proBNP, pg/mL; median (IQR) 2492.0 (693.2-6602.5) | 826.0 (182.0-3804.0) 0.2129
BNP, pg/mL, median (IQR) 505.0 (237.5-930.5) 87.0 (41.0-280.9) <0.0001
Creatinine, mg/dL; median (IQR) 1.2 (1.0-1.7) 1.2 (0.9-1.8) 0.6654
eGFR, mL/min per 1.73 m?; median (IQR) 56.4 (37.6-72.0) 59.0 (34.2-80.0) 0.2954
RWT, meantSD 0.7+0.2 0.5+0.2 <0.0001
TAPSE, mm, meantSD 17.8+4.9 21.915.2 <0.0001
E/e” mean, meantSD 16.5+6.7 12.2+6.0 <0.0001
A4C LV GLS, %, meantSD —12.5+4.6 —15.6+5.1 <0.0001
A4C LV SAB, meantSD 1.8+£0.9 1.3+0.6 <0.0001
LV SAB, mean+SD 2.2+2.0 1.4%+0.7 <0.0001

AA4C indicates apical 4-chamber; BMI, body mass index; CA, cardiac amyloidosis; eGFR, estimated glomerular filtration
rate; GLS, global longitudinal strain; LV, left ventricular; NT-proBNP, N-terminal pro B-type natriuretic peptide; SAB, septal
apical basal; and TAPSE, tricuspid annular planar systolic excursion.
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patients with CA and controls, apart from higher male and
Hispanic/Latino prevalence in the population with CA. NT-
proBNP and BNP were significantly more abnormal in the
CA group. The percentage of missing clinical, laboratory,
and echo parameters is depicted in Table S2.

Echo-Clinical Model Development and
Validation

Although the XGBoost model is robust to collinearity,
Spearman correlation analysis is depicted to show the
relationship between different parameters (Figure 1).
This demonstrated no significant collinearity between
clinical, laboratory, TTE measurements, and the TTE-
based Us2.Ca output (Figure 1). Feature importance
of clinical, laboratory, and imaging biomarkers for CA

detection using the AI-ECM is depicted in Table 2.

The TTE-based Us2.Ca score was the most impor-
tant parameter, followed by RWT, abnormal serum/
urine immunofixation, gender, and LV SAB. Ultimately,
the final AI-ECM model included all features listed in
Table 2: the Us2.Ca model, RWT, LV SAB, demograph-
ics, light chain biomarkers, and renal function biomark-
ers. Within the internal validation data set, the AUC
and accuracy of the AI-ECM model were 0.93 (95%
Cl, 0.89-0.97) and 85.1%, respectively (Table S4 and
Figure S1).

AI-ECM Performance

The AI-ECM machine learning model demonstrated high
performance for CA detection in the internal test data
set, with AUC, accuracy, sensitivity, and specificity of
0.94 (95% Cl, 0.90-0.98), 90.1%, 92.5%, and 84.8%,
respectively (Figure 2; Table 3). Reduction in the number
of clinical, laboratory, and TTE parameters used resulted
in numerically lower performance compared with the
optimal AI-ECM model (Table 3; Figure S2). Compared
with Us2.Ca, the fully integrated AI-ECM achieved a
positive net reclassification improvement (categorical
net reclassification improvement, +0.18), indicating a
modest net increase in correct reclassification of cases
and controls at the prespecified operating threshold. A
subanalysis using demographics, biomarkers, and TTE
parameters (including RWT and SAB) without the Us2.
Ca score demonstrated lower diagnostic accuracy com-
pared with the full AIFECM (Table S5).

The AI-ECM demonstrated similarly high performance
across both CA subtypes in the internal test data set
(Tables S6 and S7). This included both relevant sub-
groups of ATTR-CA versus controls suspected to have
ATTR-CA with negative technetium pyrophosphate (Table
S6) and AL-CA versus controls with proven AL amyloido-
sis without cardiac involvement (Table S7). Patients with
CA and unknown subtypes were included in the overall
test data set analysis but excluded from subtype-specific
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analyses, accounting for the discrepancy between total
CA cases and the sum of subtype subgroups.

Stratified subtype analyses demonstrated dif-
ferences in model performance between ATTR-CA
and AL-CA (Tables S6 and S7). For ATTR-CA, the
echocardiography-based Al model (Us2.Ca) achieved
strong discriminatory performance, with incremental
improvement observed with the multimodal AI-ECM
model. In contrast, in AL-CA, the addition of clinical and
laboratory variables resulted in greater gains in sensi-
tivity compared with the echocardiography-only model.
These subtype-specific performance patterns resulted
in overall improvements in pooled model performance
for the multimodal model.

Contribution of Renal Function to AI-ECM
Performance

Renal function was similar across all groups: median
eGFR was 56.0 (IOR, 40.0-68.9) mL/min per 1.73 m?
in ATTR-CA, 59.2 (IQR, 34.8-80.0) in AL-CA, and 59.0
(IOR, 34.2-80.0) in controls, witheno significant pairwise
differences (all P>0.08). Créatjning:as comparable
between patients with CA and controls (ATTR-CA ver-
sus controls, P=0.052; AL-CA versus controls, P=0.56),
though-a:modest difference was observed between CA
subtypes (ATTR-CA versus AL-CA, P=0.010).

In ablation analyses, removal of renal function mark-
ers had minimal impact on-Al-ECM performance. The
model excluding ‘both-creatinine-and eGFR achieved an
AUC of 0.94, accuracy of 89.5%, sensitivity of 91.5%,
and specificity of 84.8%, compared with the full AIFECM
(AUC, 0.94; accuracy, 90.1%; sensitivity, 92.5%; specific-
ity, 84.8%). Models incorporating creatinine alone (AUC,
0.94; accuracy, 85.5%; sensitivity, 85.8%) or eGFR
alone (AUC, 0.94; accuracy, 88.8%; sensitivity, 90.6%)
yielded identical AUCs, confirming that neither renal
marker provides meaningful incremental discriminatory
value. Although eGFR ranked among the top features by
gain-based importance during model training (Table 2),
it did not materially affect performance, suggesting that
XGBoost redistributes predictive signal across features
when individual variables are excluded.

In patients with preserved renal function (eGFR >60
mL/min per 1.73 m? n=63, 41.4% of the test set), the
AI-ECM maintained high performance (AUC, 0.94, accu-
racy 92.1%, sensitivity 93.8%, specificity 86.7%). Taken
together, these findings demonstrate that the AI-ECM
does not rely on renal impairment as a proxy for illness
severity.

Missing Data Analysis

In the complete-case sensitivity analysis, restricted to
the 79 patients (562.0% of the test set) with nonmiss-
ing values across all AI-ECM input features, AI-ECM
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Figure 1. Demonstrating Spearman correlation between parameters demonstrating minimal collinearity.
Of note, the XGBoost model is robust to collinearity but is depicted to show the relationship between different variables. BMI indicates body
mass index; eGFR, estimated glomerular filtration rate; RWT, relative wall thickness; and SAB, septal apical basal.

performance was preserved (AUC, 0.97 versus 0.94 in
the full test set), arguing against the possibility that
differential missingness artificially inflated model per-
formance. The numerically higher performance in the
complete-case subset likely reflects the higher overall
data quality in patients with complete clinical, labora-
tory, and echocardiographic assessments. The reduced
sample size of the complete-case subset limits sta-
tistical power for formal comparison, but the direc-
tional finding that performance improves rather than
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degrades when missingness is eliminated supports the
conclusion that the AI-ECM's discriminatory ability is
driven by measured feature values rather than patterns
of data absence.

To evaluate whether missingness patterns themselves
contributed to model predictions, an auxiliary XGBoost
model trained exclusively on binary missingness indica-
tors achieved an AUC of 0.50, indicating that data avail-
ability patterns were not predictive of CA status. This
confirms that the AI-ECM's discriminatory performance
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Table 2. Feature Importance Rankings for Cardiac
Amyloidosis Prediction Derived From the XGBoost Classifier.
Importance Is Quantified Using the Gain Metric, Which
Measures the Average Improvement in Model Performance
Attributable to Each Feature Across All Decision Tree Splits
During Training. Higher Values Indicate Greater Contribution
to the Model’s Discriminative Ability

Feature Importance
Us2.Ca score 12.799
RWT 3.181
Abnormal urine monoclonal protein present 2.31
(immunofixation)

Gender 2.309
Abnormal serum monoclonal protein present 1.912
(immunofixation)

LV apex-to-basal strain ratio 1.776
eGFR 1.631
Serum kappa 1.345
Weight 1.341
Serum lambda 1.318
Age 1.275
Height 1.166
BMI 1.159
Creatinine 1.15

BM!l indicates body mass index; eGFR, estimated glomerular filtration rate; LV,
left ventricular; and RWT, relative wall thickness.

is driven entirely by measured feature values rather than
patterns of data absence.

Us2.Ca Model-and IWT-Score Performance

The performance of the Us2.Ca model and IWT scores
in the test data set in our cohort is displayed in Table'3
and Figure 2. The Us2.Ca model demonstrated high
accuracy, although it was limited by 9% of patients
being classified as indeterminate and therefore could
not be classified as CA/no CA. The Us2.Ca model per-
formance was similar across both CA subtypes except
for numerically lower accuracy and sensitivity in AL-CA
of 74.5% and 67.5%, respectively, when allowing for
indeterminate Us2.Ca scores (Tables S6 and S7). The
performance of the Us2.Ca model and IWT scores is
depicted in Table S6.

Comparison of AI-ECM, Us2.Ca, and IWT Score
Performance

Within our internal test data set, the AI-ECM accu-
racy was significantly higher than both the Us2.
Ca (P=0.006) and IWT scores (P<0.001, Figure 1;
Table 3). Notably, the AIFECM—which does not use
indeterminate predictions—outperformed the TTE-only
Us2.Ca model even while the latter allowed for indeter-
minate Al predictions.

Circ Cardiovasc Imaging. 2026;19:e019610. DOI: 10.1161/CIRCIMAGING.126.019610
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Nonparametric bootstrap simulation across the clini-
cally relevant prevalence spectrum demonstrated that the
AI-ECM provided consistently superior NPV compared
with the TTE-only Us2.Ca model. However, this gain in
sensitivity and rule-out capability was associated with
a reduction in PPV (Figure 3). At a simulated disease
prevalence of 15%, the AI-ECM yielded a higher NPV
(98.4% versus 95.5%) but a slightly lower PPV (53.1%
versus 61.0%) compared with the Us2.Ca score. These
findings suggest that while both models are robust, the
AI-ECM integration of clinical and biochemical data opti-
mizes the detection of CA, making it particularly effective
as a high-sensitivity screening tool in populations with a
moderate-to-high clinical suspicion of amyloidosis.

The AI-ECM numerically outperformed the Us2.Ca
score and IWT scores in subgroup analyses of ATTR-
CA versus controls with suspected ATTR-CA but nega-
tive technetium pyrophosphate/light chains. The AI-ECM
similarly outperformed the Us2.Ca score and the sys-
temic AL score in the subgroup of AL-CA versus controls
with extracardiac CA without cardiac involvement.

DISCUSSION

In this study, we developed and validated a fully auto-
mated, multimodal, machine learning-based AI-ECM for
diagnosis of CA that includes echocardiographic, clinical,
and laboratory data. In addition, we proved that by doing
a-more comprehensive evaluation of the patient, model
performance is significantly improved as compared with
the TTE-only Us2.Ca model and other multiparametric
TTE-based scores currently used in clinical practice,
without need for indeterminate values.

To our knowledge, this is the first study to fuse deep
learning-based Al models for TTE with multimodal clini-
cal, laboratory, and TTE biomarker data to augment CA
detection. Previous models integrating data across these
domains have largely been derived from parameters
without integration of raw TTE images.?®** Our work
aligns with a growing body of evidence supporting the
use of TTE-based Al models for CA detection and further
expands upon this area by demonstrating the potential
for integration of multimodal clinical, laboratory, and TTE
biomarkers to augment Al model accuracy.”

In particular, TTE parameters—including RWT and
SAB—light chains, renal function, and gender appeared to
provide the most incremental value. Although increased
RWT and apical sparing in GLS—as assessed by SAB—
are well-established echocardiographic markers of CA,
their explicit inclusion in the fusion model provided only
modest incremental improvement over the TTE-only Us2.
Ca model.52'% This likely reflects the fact that the deep
learning-based Us2.Ca implicitly encodes myocardial
geometric and deformation patterns from raw echocar-
diographic videos. Nevertheless, because RWT and SAB
are rapidly and automatically quantified, their inclusion
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ROC Curves for Test Dataset
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5 (ROC) indicating performance of the
w increased wall thickness (IWT), Us2.
Ca, and artificial intelligence echo-
clinical models (Al-ECM) for cardiac
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adds minimal complexity while providing complementary
and interpretable diagnostic information within the multi=
modal AI-ECM framework:

In addition, light chain biomarkers are present in
nearly all cases of AL-CA and therefore likely augment
diagnosis in this subset.?® Importantly, clinical and labora-
tory biomarkers demonstrated minimal collinearity with
the TTE-only Al model, further supporting their additive
value. Importantly, as with the TTE-only Al model, RWT
and SAB were quantified automatically using FDA-
approved Al software, further supporting their ease of
use. While the addition of multiple parameters made the
models more complex, the use of fully automated TTE

measurements nature improves the simplicity, efficiency,
and reproducibility of the model.

Importantly, the‘data elements incorporated into the
AI-ECM are consistent with routine components of the
early diagnostic evaluation for CA. In patients with echo-
cardiographic findings suspicious for. CA, current guide-
lines recommend obtaining serum and urine light chain
testing before pursuing nuclear scintigraphy or endo-
myocardial biopsy." Demographic data and renal func-
tion are typically available in all patients at the time of
TTE. As such, the AI-ECM is designed to operate early
within the diagnostic evaluation. Demographics, bio-
markers, and conventional TTE parameters alone were

Table 3. Comparing Performance of IWT Score, Cardiac Amyloidosis Score, and All Fused Models in the Test Cohort

Accuracy | Sensitivity, % Specificity, % Total | Yield | Brier

(%) (95% CI) (95% CI) AUC (95% ClI) TP |FN | TN | FP | N (%) score | NRI*
IWT score 54.6 35.8 (27.4-45.3) 97.8 (88.7-99.6) 0.78 (0.71-0.86) | 38 | 68 | 45 | 1 152 100.0 | 0.30 —0.26
Us2.Ca 80.4 75.8 (66.3-83.3) 90.7 (78.4-96.3) | 0.89 (0.84-0.95) | 72 23 39 |4 138 | 90.8 0.16
Us2.Ca+RWT 83.6 83.0 (74.7-89.0) 84.8 (71.8-92.4) | 0.90 (0.85-0.95) | 88 18 39 |7 152 100.0 | 0.13 +0.09
Us2.Ca+RWT+SAB 81.6 80.2 (71.6-86.7) 84.8 (71.8-92.4) | 0.91 (0.86-0.95) | 85 21 39 |7 152 100.0 | 0.13 +0.06
Us2.Ca+RWT+ 82.9 82.1 (73.7-88.2) 84.8 (71.8-92.4) | 0.92 (0.87-0.96) | 87 19 39 |7 152 100.0 | 0.11 +0.08
SAB+Clin
Us2.Ca+RWT+SAB+ 89.5 91.5 (84.6-95.5) 84.8 (71.8-92.4) | 0.94 (0.90-0.97) | 97 9 39 |7 152 100.0 | 0.10 +0.17
Clin+Lab
Al-ECM 90.1 92.5 (85.8-96.1) 84.8 (71.8-92.4) | 0.94 (0.90-0.98) | 98 | 8 39 |7 152 100.0 | 0.10 +0.18

AI-ECM indicates artificial intelligence echo-clinical model; Clin, clinical; IWT, increased wall thickness; NRI, net reclassification ratio; RWT, relative wall thickness; and
SAB, septal apical basal ratio.
“Using Us2.Ca as a benchmark.
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Figure 3. Simulated positive predictive value (PPV) and negative predictive value (NPV) across a range of hypothetical cardiac

amyloidosis prevalence for each model.

Values on both axes are expressed as proportions (eg, 0.3=30%). AI-ECM indicates artificial intelligence echo cllm

increased wall thickness.

insufficient to achieve the performance.of the full" Al-
ECM, highlighting the complementary value of the deep
learning-derived Us2.Ca score:

The addition of clinical, laboratory,.and imaging bio-=
markers had the greatest effect on augmenting sen-
sitivity. This is critically important given the frontline
screening role of TTE in clinical practice. At the time
of referral for TTE, patients often have undifferentiated
symptoms, and clinical suspicion for CA may not yet be
high. Failure to detect CA with TTE may therefore cause
significant delays in diagnosis and timely treatment, with
potential prognostic implications. In our cohort, the aug-
mentation of screening efficacy was particularly valu-
able for AL-CA, where Al model sensitivity was lowest.
Not only did the incorporation of clinical and laboratory
biomarkers improve accuracy, but it did so without the
need for indeterminate Al model values. Given the sig-
nificant harms of false predictions, indeterminate values
are often used in TTE models—including Al-based—to
overcome accuracy limitations. Our AI-ECM model has
the potential to overcome these limitations by augment-
ing accuracy while eliminating the need for indeter-
minate values, potentially facilitating deployment in a
greater number of patients.

Subtype analyses suggest that different components
of the model contribute variably to detection of ATTR-
CA and AL-CA. The echocardiographic Al component
appears to provide strong discriminatory signal for ATTR-
CA, whereas clinical and laboratory variables, including
renal function and biomarkers relevant to plasma cell

Circ Cardiovasc Imaging. 2026;19:e019610. DOI: 10.1161/CIRCIMAGING.126.019610
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dyscrasia, contribute more prominently to AL-CA clas-
sification. These findings highlight the complementary
roles of imaging-derived phenotypes and systemic bio-
markers in amyloid detection and support the rationale
for multimodal fusion approaches. Future work could
explore subtype-specific model architectures, though
such approaches would need to be weighed against
increased complexity and the clinical reality that subtype
is typically unknown at the time of initial echocardio-
graphic screening.

Despite the transformative potential of existing Al
models to rapidly and accurately detect underdiagnosed
diseases such as CA, alimitation has largely been the use
of only single-source data (eg, electronic health record,
ECG, TTE). The integration of multimodal clinical, labora-
tory, and imaging data more closely aligns with clinical
decision-making in which a wide array of heterogeneous
data is integrated into generating a diagnosis. Although
human decision-making is slower and less consistent
than Al, it stands apart in its remarkable ability to syn-
thesize complex, nuanced information, offering insights
that set the benchmark for clinical intuition. In this way,
multimodal data fusion may offer the best of both worlds,
pairing the speed and precision of Al with the nuanced,
integrative reasoning that has long defined expert human
clinical judgment.

It should be noted that this study used only a lim-
ited number of additional clinical, laboratory, and TTE
biomarkers. This was necessitated by the large size
and multicenter nature of the registry, which did not?
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allow for extensive data collection. Further studies are
needed to better understand the incremental value of
expanded multimodal biomarkers—perhaps including
CA red flag signs and symptoms—for augmenting Us2.
Ca performance. It is even conceivable that future stud-
ies could integrate multiple Al models spanning different
domains—including electronic health record, ECG, and
TTE—to create a screening pipeline to streamline CA
detection.?” This concept aligns with previous work by
Goto et al,” which demonstrated promising potential for
combining ECG- and TTE-based Al to boost accuracy for
differentiating CA from other causes of left ventricular
hypertrophy. Obviously, these potential advances must be
balanced against the added complexity of incorporating
increasing amounts of data.

Limitations

Our study has several limitations. The model lacks exter-
nal validation, although we attempted to address this
with the use of both diverse, multiethnic, multivendor
data sets and cross-validation techniques. In our cohort,
comprehensive light chain testing was available in the
majority of patients; however, in routine clinical prac-
tice, pyrophosphate imaging is sometimes performed
before complete serum and urine light chain evaluation.
As such, the high rate of light chain testing in our-data
set may not fully reflect real-world practice. In addition,
although the initial TTE-only. Al.model was-developed
in a cohort where the prevalence of CA reflected clini-
cal practice, this study was performed in an enriched,
referred population with a high prevalence of CA.
Although prevalence bootstrapping was performed to
estimate performance across different disease preva-
lences, this approach does not address potential spec-
trum bias, and model performance in undifferentiated
echocardiography populations will require prospective
external validation in populations whose prevalence of
CA more closely reflects real-world screening. In addi-
tion, given the heterogeneity in assays used, we were
unable to incorporate cardiac biomarkers such as NT-
proBNP or troponin into the model, which may have
incrementally improved performance; further evaluation
of these markers in more homogeneous data sets could
be considered in future studies. Finally, given that the
cohort enrolled patients across a wide date range, the
severity of disease may have been higher. It is therefore
unclear how well the AI-ECM would perform in early-
stage disease.

Conclusions

Our machine learning-based AI-ECM model combining
clinical, laboratory, and TTE parameters with an Us2.Ca
provided increased accuracy while eliminating the need
for indeterminate values. The integration of multimodal

Circ Cardiovasc Imaging. 2026;19:e019610. DOI: 10.1161/CIRCIMAGING.126.019610
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data sources into existing CA screening tools has the
potential to augment CA diagnosis by better identify-
ing patients who would benefit most from confirmatory
testing, advancing toward real-world Al-guided precision
diagnostics in CA.
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