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Abstract

Transthoracic echocardiography is the reference standard for confirming structural heart
disease (SHD), but its use as a first-line screening modality is limited by cost, work-
flow burden, and specialist availability. This study investigated whether open pretrained
electrocardiogram (ECG) models can support echo-confirmed multi-label SHD detection
using the public EchoNext Mini-Model benchmark. We focused on six moderate-or-
greater echocardiography-derived abnormalities spanning reduced left ventricular ejec-
tion fraction, increased left ventricular wall thickness, aortic stenosis, mitral regurgita-
tion, tricuspid regurgitation, and right ventricular systolic dysfunction. Under a common
experimental pipeline, we compared engineered ECG features with gradient boosting,
end-to-end waveform learning from scratch, and transfer from open ECG foundation
models. We then evaluated continued in-domain self-supervised adaptation of ECG-FM
on EchoNext waveforms followed by selective supervised fine-tuning, with emphasis on
the trade-off between discrimination and adaptation cost. Among the evaluated con-
figurations, the adapted ECG-FM models achieved the strongest overall performance.
Across adaptation depths, peak macro-AUROC and macro-AUPRC reached 0.8509 and
0.4297, respectively, while a more parameter-efficient operating point preserved nearly
identical AUROC (0.8501) and achieved the highest fixed-threshold macro-F1 (0.3691).
Late fusion of the release-provided covariates did not improve threshold-independent dis-
crimination, and the evaluated low-rank adaptation (LoRA) configuration, alternative
foundation backbones, and mixture-of-foundation-model strategies did not surpass the
best adapted single-backbone operating points. These findings indicate that, for ECG-
based case finding and echocardiography triage, the most effective transfer strategy is to
combine target-domain self-supervised adaptation with selective supervised updating of
a pretrained ECG backbone.
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1. Introduction

Structural heart disease (SHD) includes clinically important abnormalities of cardiac
structure and function, such as ventricular systolic dysfunction, ventricular hypertrophy,
and moderate-or-greater valvular disease. Transthoracic echocardiography (TTE) is the
standard imaging test used to confirm and grade these abnormalities, but broad first-line
use of echocardiography is limited by cost, equipment, workflow burden, and specialist avail-
ability. In practice, referral pathways therefore rely on lower-cost front-line tests to identify
patients who may warrant confirmatory TTE. This makes ECG-based case-finding and
echocardiography triage a natural setting for machine learning methods that can prioritize
imaging without adding major clinical burden [1-3].

The 12-lead electrocardiogram (ECG) is especially attractive for this purpose because it
is inexpensive, ubiquitous, and acquired in a standardized format. Deep learning studies
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have shown that raw ECG waveforms contain predictive information beyond conventional
rule-based interpretation, enabling end-to-end learning for arrhythmia and diagnostic clas-
sification [4, 5]. Public ECG benchmarks have further improved reproducibility and made
it possible to compare model architectures and training strategies under common protocols
[6, 7]. However, many widely used ECG benchmarks are built around rhythm, conduction,
or report-derived ECG interpretation labels as opposed to structural phenotypes confirmed
by echocardiography, which limits their direct relevance for echocardiography triage.

Prior work has established the feasibility of detecting echo-confirmed structural abnor-
malities from ECGs. Attia et al. showed that Al-enabled ECG analysis can identify reduced
left ventricular ejection fraction (LVEF) [8]. Elias et al. extended this idea to moderate-
or-severe valvular disease [9]. Ulloa-Cerna et al. proposed rECHOmmend as a composite
ECG-based model to prioritize echocardiography for patients at elevated risk of clinically
significant, previously unrecognized SHD [2]. More recently, the EchoNext study reported
large-scale SHD detection from ECGs and released the EchoNext Mini-Model PhysioNet
dataset, enabling public evaluation on paired ECG and echocardiographic data [3, 10, 11].

What remains unclear is not whether ECGs contain signal relevant to SHD, but how open
pretrained ECG encoders should be adapted for echo-confirmed, multi-label SHD prediction.
Existing studies have mainly emphasized task-specific supervised models, whereas the rapid
emergence of self-supervised and foundation ECG models raises a more practical transfer
question. On a shared public SHD benchmark, when is a frozen encoder with a lightweight
classifier sufficient, when is full fine-tuning justified, and when does an intermediate strategy
provide a better balance between discrimination and adaptation cost?

Self-supervised learning (SSL) offers a natural starting point because it learns transferable
waveform representations from large unlabeled corpora. In ECG analysis, SSL approaches
such as contrastive learning of cardiac signals (CLOCS) have improved downstream gener-
alization across tasks [12]. Open ECG foundation models (FMs), including ECG-FM [13],
ECGFounder [14], and HuBERT-ECG [15], have made this transfer setting testable. Yet
performance in SHD detection may depend on two factors that are rarely disentangled: (i)
mismatch between the pretraining distribution and the target clinical population, and (ii)
the extent to which pretrained backbone weights are updated during supervised learning.

This study presents a controlled empirical evaluation of how open pretrained ECG mod-
els should be adapted for echo-confirmed multi-label SHD detection. Using EchoNext Mini-
Model, we focus on six moderate-or-greater structural abnormalities spanning ventricular
dysfunction, hypertrophy, and clinically significant valvular disease, and compare engineered
ECG features with gradient boosting, end-to-end waveform learning from scratch, and trans-
fer from open ECG FMs under a common experimental pipeline. We further isolate the
contributions of continued in-domain self-supervised adaptation and layer-wise selective
fine-tuning, asking whether these transfer choices yield a better discrimination—efficiency
trade-off than frozen transfer or broader end-to-end adaptation. The paper contributes a
rigorous practical assessment of which transfer decisions are most effective for clinically
relevant multi-label SHD detection from routine 12-lead ECGs.

2. Methods

The overall study workflow is illustrated in Figure 1.

2.1. Data source and cohort

All experiments used the public EchoNext Mini-Model v1.1.0 release, a PhysioNet dataset
containing 100,000 de-identified 12-lead ECGs with echocardiography-derived SHD labels
[10, 11]. The public release was derived from routine clinical care at Columbia University
Irving Medical Center and includes adults (> 18 years) who had a digitally stored 12-
lead ECG and a TTE within a 1-year interval between 2008 and 2022. ECG waveforms
were extracted from the GE MUSE management system at 250 Hz across all 12 leads, and



N f A
o Data source and cohort e Inputs and preprocessing o Label construction ° Benchmark model comparison
8= 5 Engineered ECGfeatures | "R
Ny i) U Y FASY AU JSK N /\’,/\;\ﬂ/\ => 7@ 166 dimensions Oeees
(4 Echo-confirmed ResNet1D
12-lead EC/
J'“MV - o e moderste ot grestor D B s o ot m@u
S P 6 binary targets
Y=
7 Covariates el [Pl ECG-FM frozen encoder _ (1| (i
5 sex, ventricular C DusMLP head o A M
12-lead Echocardiography 5 ) s
reor )
QTe, age
) p Proposed ECGFM
& Touspd ‘ RV systolic adaptation
itation inction
EchoNext Mini-Model e L
100,000 ECG-echo pairs /\ IR el (IR
Adults > 18 years i = Ablations / | All-negative Ablations / .
ECG within 1 year of TTE i i Erncne Mixture of FMs ‘
2008 2022 e xtonsions (domeampie flExionsions § G
Imputation ified multi-label
Unifed it ECGFounder || HUBERT-ECG
vs 6 binary models
J \ _— N —
N
o Stage 1: Domain adaptation fo Stage 2: Supervised partial fine-tuning N (0 Evaluation and output

fusion
[MASK] MLP il
[ji]] D Held-out test evaluation
head * Macro
Trainable layers &

+ Accuracy
ccorm PR RE D smanmee | Held-out Test| o
> b it X 3
B b om-g Trainable layers & T
@ Fedued e | ncrosed LT
lom=r . .
e, — e g—
xt trai g
a - Risk
e eitire Frozen layers J ! - Risk
only Trainable upper transformer | . s wteal = tralnable layers 3 Musid rgurgation || g RV pstalc dystuncton
blocks b=1,5,9,12 - Risk GENNN Risk
Continued'selfsupervised | | IS CoE S e
pretraining on EchoNext i e
training waveforms Ablations / LoRA e Performance-efficiency trade-off
Extensions st Domain-adapted partial fine-tuning
A _ A J A _

Figure 1. Overall methodological workflow for multi-label SHD detection from 12-lead
ECGs. The framework begins with the EchoNext Mini-Model cohort and released wave-
form and covariate inputs, proceeds through construction of six moderate-or-greater
echocardiography-confirmed endpoints, and compares engineered-feature, from-scratch
waveform, and pretrained FM baselines. The primary transfer setting applies con-
tinued in-domain self-supervised adaptation of ECG-FM on EchoNext waveforms fol-
lowed by supervised fine-tuning at varying adaptation depths. The workflow also in-
cludes late-fusion, LoRA, alternative-backbone, mixture-of-foundation-model, binary-
decomposition, and all-negative downsampling ablations.

echocardiographic variables were abstracted from Syngo Dynamics (Siemens) and Xcelera
(Philips). For supervised experiments, we used the release-defined train, validation, and test
partitions. We did not create new patient-level or record-level splits. The training partition
may contain multiple ECGs per patient, whereas the validation and test partitions retain
only the latest ECG per patient.

2.2. Inputs and preprocessing

Each ECG was analyzed as a fixed 10-second, 12-lead recording sampled at 250 Hz. To
preserve comparability with the public EchoNext benchmark, all waveform-based experi-
ments used the released preprocessed signals. The released waveforms had already under-
gone lead-wise median filtering, amplitude clipping at the 0.1st and 99.9th percentiles, and
normalization using the dataset-wide mean and standard deviation. Each record was rep-
resented as a 12 x 2500 lead-by-time matrix. For tabular information, we used the seven
ECG-associated covariates distributed with the benchmark, namely sex, ventricular rate,
atrial rate, PR interval, QRS duration, corrected QT interval, and age at ECG acquisition.
These covariates were used as released, following the public preprocessing protocol.

2.3. Label construction and task formulation

EchoNext labels are derived from structured echocardiography report fields |3, 10]. The
source variables include continuous measurements such as LVEF, interventricular septal
thickness, posterior wall thickness, pulmonary artery systolic pressure (PASP), and tricuspid
regurgitation maximum velocity, together with categorical assessments of valvular disease,



right ventricular (RV) systolic function, and pericardial effusion. For wall thickness, the
larger of the interventricular septal (IVS) and left ventricular posterior wall (LVPW) mea-
surements is treated as left ventricular wall thickness (LVWT). In the underlying EchoNext
labeling scheme, an ECG is labeled positive for a condition if it occurs within 1 year before
an echocardiogram demonstrating that condition. We prespecified six moderate-or-greater
endpoints spanning ventricular dysfunction, hypertrophy, and clinically significant valvular
disease. These six endpoints were taken directly from the dataset-provided binary flags
listed in Table 1.

Target Positive definition in the public release
Reduced LVEF LVEF < 45%
Increased LVWT LVWT > 1.3 cm, with LVWT defined as max(IVS, LVPW)
Aortic stenosis Moderate or severe aortic stenosis
Mitral regurgitation Moderate or severe mitral regurgitation
Tricuspid regurgitation Moderate or severe tricuspid regurgitation
RV systolic dysfunction Moderate or severe RV systolic dysfunction

Table 1. Study targets and positive definitions used in the primary benchmark.

We formulated the task as a multi-label classification problem because a given ECG
could be associated with none, one, or multiple study-defined structural abnormalities. Let
D = {(w;,u;,y;)} Y, denote the study dataset, where w; € R12%2500 represents the waveform
input, u; € R” denotes the optional covariate vector, and y; € {0,1}™ denotes the binary
target vector for the M = 6 study endpoints. For j =1,..., M, y; ; = 1 indicates that target
7 is present according to the dataset-defined moderate-or-greater criterion. For each record,
the model produces a logit vector z; € RM, which is converted to predicted probabilities
pi € (0,1)M by element-wise application of the sigmoid function, p; ; = o'(z; ), j = 1,..., M,
where o(-) denotes the logistic sigmoid. For neural architectures, a waveform encoder gg(-)
maps w; to a latent representation sequence H; = gg(w;), which is subsequently aggregated
by a pooling operator to obtain a fixed-dimensional embedding h; = pool(H;). A prediction
head hy(-) then maps h;, and when applicable a tabular embedding derived from w;, to the
multi-label logit vector z;. This formulation enables shared representation learning across
correlated targets while preserving separate output units for endpoint-specific prediction.

2.4. Benchmark models

2.4.1. Baseline A (engineered features with gradient boosting)

Baseline A served as a conventional machine-learning benchmark based on engineered
ECG descriptors. For each 10-second, 12-lead ECG, a 166-D feature vector was extracted
using NeuroKit2 [16]. The resulting feature set summarized beat timing and variability,
waveform morphology, band-limited spectral characteristics, and inter-lead relationships.
Beat-level measurements were aggregated into record-level descriptors using summary sta-
tistics, including means, standard deviations, and robust extrema. Multi-label prediction
was implemented in a one-vs-rest manner by training one gradient-boosted classifier per end-
point. Candidate boosting families were first screened under a common validation protocol,
after which XGBoost was selected for focused hyperparameter optimization with Optuna
[17, 18]. The six target-specific classifiers jointly produced the probability vector p; € (0,1);
feature-count sensitivity and global importance analyses are summarized in Appendix D.

2.4.2. Baseline B (ResNetlD trained from scratch)

Baseline B was an end-to-end waveform model trained from random initialization. The
architecture was derived from ResNet-18 by replacing 2-D convolutions with 1-D tempo-
ral convolutions and by treating the 12 ECG leads as input channels [19]. The encoder
comprised an initial temporal convolution with kernel size 7 and stride 2, followed by max



pooling and four residual stages with channel widths of 64, 128, 256, and 512, respectively.
Each stage contained two basic residual blocks. When the channel dimension increased, the
first block in the stage used stride 2 and the identity branch used a 1 x 1 convolution for
dimensional matching. Global average pooling was then applied to obtain a 512-dimensional
representation, which was linearly projected to a 768-D embedding and passed to a light-
weight multilayer perceptron classifier with dropout to generate the six output logits.

2.4.3. Baseline C (in-domain adapted ECG-FM with a frozen backbone)

Baseline C evaluated supervised probing of an in-domain adapted ECG FM. The back-
bone was ECG-FM, which consists of a convolutional feature extractor followed by a 12-layer
transformer encoder with hidden dimension of 768 [13]. Starting from the released ECG-FM
checkpoint, self-supervised pretraining was continued on the EchoNext training waveforms
without use of target labels, following the released ECG-FM pretraining framework based
on wav2vec 2.0-style latent masking and contrastive learning [13, 20]. After this in-domain
adaptation stage, all backbone parameters were frozen and only a two-layer multilayer per-
ceptron classifier was trained on mean-pooled token embeddings. Accordingly, this baseline
represents an adapted frozen-backbone probing configuration rather than an off-the-shelf
frozen encoder without target-domain adaptation.

2.4.4. ECG-FM with in-domain self-supervised adaptation and partial fine-tuning

The primary transfer model used the same in-domain self-supervised adaptation stage
as Baseline C, followed by supervised fine-tuning. We parameterized supervised trans-
former adaptation by the number of trainable upper transformer blocks, denoted b. For
a transformer encoder with L = 12 blocks, b € {1,5,9,12} indicates that the uppermost
b transformer blocks were updated during supervised training, whereas the lower L — b
blocks remained frozen. In the partial fine-tuning family, the convolutional feature extrac-
tor remained frozen. Thus, b = 12 with the convolutional extractor frozen corresponds to
full transformer fine-tuning but not full model fine-tuning. We also evaluated a full-model
fine-tuning variant in which both all 12 transformer blocks and the convolutional feature
extractor were updated. A separate probing configuration fixed the convolutional extractor
and all transformer blocks (b = 0) and trained only the classifier head. All variants used
the same pooling operation and classifier-head architecture as Baseline C.

2.4.5. Ablations and extensions

Late fusion with tabular covariates: To evaluate whether the release-provided covari-
ates contributed information beyond the waveform representation, we performed late-fusion
experiments in which the covariate vector u; € R” was first mapped to an embedding
e; € R? by a multilayer perceptron. The tabular embedding was then combined with the
pooled ECG representation h; using one of three fusion operators: 1) concatenation, in which
hi = [hi; e;] was passed to a classifier; 2) gated fusion, in which \; = o(W,[hs; ei] + b,) and
hiwse = X\, ©h;+(1—\;) ©e;; and 3) cross-attention, in which the tabular embedding queried
the ECG token sequence before pooling.

LoRA parameter-efficient adaptation: As a parameter-efficient transfer baseline, we
evaluated low-rank adaptation (LoRA) [21]. In this setting, the ECG-FM backbone weights
were frozen and trainable low-rank updates were introduced into the attention projection
matrices. For a projection matrix W, the adapted parameterization was defined as W' =
W + BA, where A and B are low-rank matrices of rank r. LoRA modules were applied to
the query and value projections in each transformer block, and only the LoRA parameters
together with the supervised prediction head were updated during training.

Additional ECG FMs: To examine whether the observed transfer trends extended
beyond ECG-FM, we evaluated ECGFounder and HuBERT-ECG as additional open ECG
FM backbones [14, 15]. Each model was assessed under a common downstream protocol
using the same EchoNext data partitions, waveform inputs, pooling rule, and multi-label



prediction-head family. Backbone-specific implementation adjustments were permitted only
when required by architectural differences. Because these encoders are not architecturally
identical, these experiments were intended as protocol-aligned comparisons rather than
strictly parameter-matched benchmarks.

Mixture of FMs (MoFM): We further evaluated a MoFM extension in which multiple
ECG encoders operated in parallel and their outputs were combined before final prediction.
Three fusion strategies were considered: (i) concatenation of projected backbone embed-
dings, (ii) gated fusion with a softmax gating network that generated sample-specific expert
weights, and (iii) logit-level mixture, in which each expert produced its own logits and the
final output was formed as a convex combination of the expert predictions. Unless other-
wise specified, the encoder-freezing policy for each expert was matched to the corresponding
single-backbone configuration.

Task-decomposed binary training: To assess the effect of shared multi-label rep-
resentation learning, we trained six independent ECG-FM classifiers, one for each study
endpoint, using the same backbone family and downstream optimization procedure as in
the corresponding multi-label setting. During evaluation, the six target-specific probability
estimates were concatenated to form a 6-D prediction vector, and performance was summa-
rized by macro-averaging across endpoints.

All-negative downsampling: To examine the effect of training-set class composition on
operating behavior, we conducted a training-only downsampling ablation in which all records
containing at least one positive study label were retained, while records with no positive
study labels were randomly subsampled according to a retention ratio p € {1.0,0.5,0.3,0.1}.
The validation and test partitions were left unchanged for all downsampling experiments.

3. Results
3.1. Overall comparison on the test split

We first evaluated the adapted ECG-FM transfer strategy against three comparator fam-
ilies on the held-out test split. Because the six study targets are imbalanced, we treat macro
AUROC and macro AUPRC as the primary discrimination metrics, whereas accuracy and
F1 at the fixed threshold 7 = 0.5 are reported as secondary operating-point summaries. Ta-
ble 2 reports macro-averaged test performance across the six SHD targets. Split-wise target
prevalence is provided in Appendix A, per-label test performance for the high-performing
partial-adaptation settings b=9 and b=5 is reported in Appendix B, and pairwise target
co-occurrence is summarized in Appendix C.

Among the tested configurations, adapted ECG-FM with =9 trainable upper trans-
former blocks achieved the highest macro AUROC (0.8509) and accuracy (0.9089), while
full transformer fine-tuning with the convolutional feature extractor frozen achieved the
highest macro AUPRC (0.4297). A more parameter-efficient setting, b=>5, yielded nearly
identical AUROC (0.8501) with fewer trainable parameters and the highest fixed-threshold
F1 (0.3691). Among the comparator baselines, the scratch ResNet1D and the adapted
frozen-backbone ECG-FM probe both exceeded engineered XGBoost on the primary dis-
crimination metrics, whereas the frozen-backbone probe achieved the highest F1 among the
non-partially-tuned models while updating only 0.60 M parameters. Overall, the strongest
operating points were obtained by supervised adaptation of an in-domain aligned ECG foun-
dation backbone, with different adaptation depths favoring different evaluation priorities.

3.2. Adaptation-depth ablation

We next examined how performance changed as progressively larger portions of the in-
domain adapted ECG-FM backbone were updated during supervised training. Table 3
reports the fully frozen probe (b=0), partial fine-tuning with b € {1,5,9} trainable upper
transformer blocks, full transformer fine-tuning (b=12) with the convolutional feature ex-
tractor frozen, and full model fine-tuning where both the convolutional extractor and all



Model Trainable Params AUROC AUPRC Acc F1

Baseline A: XGBoost 1.04M 0.8017 0.3289  0.9012 0.1760
Baseline B: ResNet1D 9.72M 0.8246 0.3833  0.9063  0.1637
Baseline C: adapted ECG-FM probe 0.60 M 0.8233 0.3670  0.9043  0.1933
Adapted ECG-FM transformer FT (b=12, conv frozen) 91.08 M 0.8501  0.4297 0.9081 0.3338
Adapted ECG-FM partial FT (b=9) 69.81M 0.8509 0.4261 0.9089 0.3064
Adapted ECG-FM partial FT (b=5) 41.46 M 0.8501 0.4173  0.9050 0.3691

Table 2. Macro-averaged test-set performance across the six SHD targets. Trainable
parameter counts reflect parameters updated during the supervised stage only. Bold
indicates the best value in each column.

transformer blocks were updated. This distinction is important because b denotes the num-
ber of trainable upper transformer blocks, whereas the convolutional feature extractor is
handled separately. Performance did not improve monotonically with trainable parameter
count. Full transformer fine-tuning with the convolutional extractor frozen achieved the
highest macro AUPRC (0.4297), b=9 achieved the highest macro AUROC (0.8509) and
accuracy (0.9089), and b=5 preserved nearly identical AUROC with fewer trainable pa-
rameters and produced the highest fixed-threshold F1 (0.3691). Full model fine-tuning did
not improve over full transformer fine-tuning, suggesting that updating the convolutional
extractor was unnecessary. Shallow adaptation (b=1) remained stronger than the frozen
probe on AUROC and AUPRC, but was clearly weaker than deeper partial fine-tuning.

Supervised adaptation setting Trainable Params AUROC AUPRC Acc F1

Full model FT (b=12, conv unfrozen) 91.48 M 0.8484  0.4198 0.9041 0.3423
Full transformer FT (b=12, conv frozen) 91.08 M 0.8501  0.4297 0.9081 0.3338
Partial FT (b=9, conv frozen) 69.81 M 0.8509 0.4261 0.9089 0.3064
Partial FT (b=5, conv frozen) 41.46 M 0.8501  0.4173  0.9050 0.3691
Partial FT (b=1, conv frozen) 13.11M 0.8398 0.3977  0.9078  0.2381
Frozen backbone probe (b=0) 0.60 M 0.8233 0.3670  0.9043  0.1933

Table 3. Effect of supervised adaptation depth on macro-averaged test performance
across the six SHD targets. b denotes the number of trainable upper transformer blocks.

3.3. Performance—efficiency operating points

Because the compared models span substantially different parameter regimes, Figure 2
summarizes their performance—efficiency operating points on a log-parameter scale. This
view is intended as an operating-point summary rather than a parameter-matched bench-
mark. Across the ECG-FM adaptation family, moving from the frozen probe to supervised
backbone adaptation produces large gains in AUROC and AUPRC. However, performance
saturates after strong partial or full-transformer fine-tuning: b=9 achieves the best AUROC,
b=12 with the convolutional extractor frozen achieves the best AUPRC, and full model fine-
tuning does not improve over these operating points despite updating more parameters.

3.4. Fusion and LoRA ablations

We next asked whether the adapted waveform backbone benefited from adding the
seven release-provided tabular covariates and whether parameter-efficient adaptation could
approach partial fine-tuning with far fewer trainable parameters. Because AUROC and
AUPRC are the primary discrimination metrics in this imbalanced multi-label setting, we use
the b=9 adapted ECG-FM configuration as the waveform-only anchor because it achieved
the highest AUROC and remained one of the strongest threshold-independent operating
points in Table 3.

Table 4 shows that none of the tested fusion operators improved AUROC or AUPRC over
the waveform-only b=9 baseline. Cross-attention yielded slightly higher accuracy (0.9093),
and gated fusion produced the highest F1 among the fusion variants (0.3324), but both
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Figure 2. Performance—efficiency operating points for the main benchmark models and
ECG-FM adaptation settings. The x-axis shows trainable parameters on a log scale.
(A) AUROC vs. trainable parameters. (B) AUPRC vs. trainable parameters.

came with lower AUROC and AUPRC than waveform-only transfer. The tested LoRA
configuration reduced the supervised trainable-parameter count to 1.19 M, but it did not
approach partial fine-tuning on either AUROC or AUPRC. The added tabular covariates
did not provide measurable threshold-independent benefit beyond the adapted waveform
representation, and the evaluated LoRA setting did not match selective weight updates.

Method Trainable Params AUROC AUPRC Acc F1

Adapted ECG-FM (b=9, waveform-only) 69.81 M 0.8509 0.4261 0.9089  0.3064
Cross-attention fusion 69.81 M 0.8487 0.4167  0.9093 0.3140
Concat fusion 69.74 M 0.8478 0.4134 0.9083  0.2878
Gated fusion 69.61 M 0.8469 0.4195 0.9071 0.3324
LoRA (rank = 16) 1.19M 0.8196 0.3523 0.9045  0.1963

Table 4. Ablation results for late fusion and LoRA. Fusion models use the adapted
ECG-FM b=9 backbone and incorporate the seven release-provided covariates through
the stated fusion operator. Metrics are macro-averaged across the six SHD targets.

3.5. Additional experiments: foundation backbones, mixtures, task decomposition,
and downsampling

Table 5 summarizes results for the tested configurations of three open ECG FM back-
bones under a common downstream evaluation pipeline. Because these backbones differ
in architecture and were not all evaluated under identical supervised adaptation settings,
the comparison should be interpreted as protocol-aligned instead of a strictly parameter-
matched head-to-head benchmark. Within this comparison, in-domain adapted ECG-FM
with b=>5 achieved the numerically highest macro AUROC (0.8501), macro AUPRC (0.4173),
and fixed-threshold F1 (0.3691). Holding the supervised configuration constant, removing
the EchoNext self-supervised adaptation stage from ECG-FM reduced AUROC to 0.8387,
AUPRC to 0.4048, and F1 to 0.3166. Accuracy varied only modestly across the tested con-
figurations (0.9021-0.9058), indicating that the main separation among backbones appeared
in ranking quality and precision—recall behavior rather than in thresholded accuracy alone.
A qualitative embedding visualization is provided in Appendix E, but it is descriptive only
and is not used to support model-ranking claims.

Table 6 evaluates MoFM variants that combine ECG-FM, ECGFounder, and HuBERT-
ECG using three fusion strategies. We use the adapted ECG-FM b=5 model as the single-
backbone reference because it provided the strongest fixed-threshold F1 with a smaller



Model Tested configuration Trainable Params AUROC AUPRC Acc F1

ECG-FM (in-domain adapted) partial FT (b=5) 41.46 M 0.8501 0.4173 0.9050 0.3691
ECG-FM (no in-domain adaptation) partial FT (b=5) 41.46 M 0.8387 0.4048 0.9058 0.3166
ECGFounder full fine-tuning 31.46 M 0.8228 0.3744  0.9043  0.2290
HuBERT-ECG partial FT (b=5) 36.43M 0.8182  0.3776  0.9021  0.2949

Table 5. Comparison of open ECG FM backbones under a common downstream evalu-
ation pipeline. For ECG-FM, we additionally report results without Stage 1 in-domain
self-supervised adaptation on EchoNext.

trainable-parameter budget. The MoFM variants produced slightly higher macro AUPRC
(0.4184-0.4194 versus 0.4173) and accuracy (0.9082-0.9085 versus 0.9050), but all reduced
macro AUROC (0.8461-0.8481 versus 0.8501) and fixed-threshold F1 (0.2997-0.3253 versus
0.3691), while increasing the trainable-parameter budget to approximately 105-106 M.

Method Trainable Params AUROC AUPRC Acc F1

Adapted ECG-FM (b=5, single model) 41.46 M 0.8501 0.4173 0.9050 0.3691
MoFM: Concat fusion ~106 M 0.8461 0.4192 0.9085 0.3210
MoFM: Gated fusion ~106 M 0.8478 0.4194 0.9085 0.2997
MoFM: Logit MoE ~105M 0.8481 0.4184 0.9082  0.3253

Table 6. Comparison of the adapted single-backbone ECG-FM baseline and MoFM fu-
sion strategies combining ECG-FM, ECGFounder, and HuBERT-ECG.

Table 7 compares the unified multi-label ECG-FM model with an ensemble of six in-
dependently trained binary ECG-FM models under the tested binary configuration. The
unified multi-label model achieved higher macro AUROC (0.8501 versus 0.8459), higher
macro AUPRC (0.4173 versus 0.4111), and substantially higher fixed-threshold F1 (0.3691
versus 0.2769), while using a much smaller total trainable-parameter budget than the six-
model binary ensemble. The binary ensemble achieved slightly higher accuracy (0.9076
versus 0.9050), but this did not translate into better discrimination or precision—recall be-
havior. Because the binary ensemble used a different supervised adaptation depth from the
unified model, this should be interpreted as a comparison of tested configurations rather
than as a pure decomposition-only ablation.

Approach Trainable Params AUROC AUPRC Acc F1
ECG-FM multi-label (b=5) 41.46 M 0.8501 0.4173 0.9050 0.3691
6x ECG-FM binary (b=3 each) 6 x 27.28 M 0.8459 0.4111  0.9076 0.2769

Table 7. Comparison of a unified multi-label model against an ensemble of six task-
specific binary classifiers. The reported parameter count for the binary approach is the
total across all six independently trained models.

Table 8 reports the effect of random downsampling of all-negative training records for
adapted ECG-FM with b=>5, while leaving the validation and test splits unchanged. Down-
sampling did not improve threshold-independent discrimination monotonically. Relative to
the unmodified training subset (p=1.0), light downsampling (p=0.5) yielded a very similar
macro AUPRC (0.4190 versus 0.4173) with slightly lower AUROC (0.8467 versus 0.8501),
whereas more aggressive downsampling progressively reduced both AUROC and AUPRC.
By contrast, fixed-threshold F1 increased most at p=0.3, reaching 0.4103. This pattern
suggests that all-negative downsampling primarily changes score calibration and operating
behavior at 7 = 0.5. We therefore interpret this ablation as a pragmatic operating-point
manipulation rather than as evidence of a better classifier in a threshold-independent sense.

4. Discussion

The adaptation-depth results suggest that transfer quality depended not only on the pres-
ence of large-scale pretraining, but also on how much of the pretrained representation was



Retention Ratio p Records Removed Train Set Size AUROC AUPRC Acc F1

1.0 (no downsampling) 0 72,297 0.8501 0.4173  0.9050 0.3691
0.5 19,016 53,459 0.8467 0.4190 0.9026  0.3618
0.3 26,622 45,853 0.8415 0.4050 0.8985 0.4103
0.1 34,228 38,247 0.8242 0.3830 0.8739  0.3765

Table 8. Effect of all-negative training-record downsampling on adapted ECG-FM with
b=5. Here p=1.0 denotes the unmodified training subset used for this ablation.

allowed to specialize to the EchoNext distribution. The observation that the same ECG-
FM backbone improved after continued self-supervised training on EchoNext, and that the
best partial fine-tuning settings outperformed both the adapted frozen probe and full model
fine-tuning, supports the view that target-domain alignment and selective adaptation can
provide a favorable performance—efficiency operating point. This interpretation is consistent
with the broader motivation of ECG FMs, which aim to provide transferable representations
that can reduce labeling burden and improve downstream generalization [13]. At the same
time, the cross-backbone comparison should be interpreted cautiously. Although adapted
ECG-FM achieved the strongest performance among the tested configurations, the evalu-
ated backbones are not architecturally identical and were not all assessed under perfectly
parameter-matched adaptation settings.

The ablation experiments further clarify which extensions were and were not beneficial
under the present protocol. First, late fusion of the seven release-provided covariates did
not improve AUROC or AUPRC relative to waveform-only partial fine-tuning, suggesting
that the adapted waveform representation already captured much of the predictive signal
available from those variables. Second, the evaluated LoRA configuration substantially
reduced the number of supervised trainable parameters, but it did not approach selective
partial fine-tuning on the primary discrimination metrics. Third, MoFM variants did not
produce a better overall performance—efficiency operating point than the strongest adapted
single-backbone model, despite modest shifts in the precision-recall trade-off for some fusion
schemes. Fourth, the unified multi-label model outperformed the tested ensemble of task-
specific binary models, which is compatible with the hypothesis that shared representation
learning can be advantageous when related structural abnormalities co-occur and must be
modeled jointly. Finally, all-negative downsampling mainly altered fixed-threshold behavior
rather than uniformly improving threshold-independent discrimination, indicating that its
primary effect was to shift the operating point rather than to produce a better classifier.

From a clinical perspective, these findings are most appropriately interpreted as evidence
for ECG-based case finding or echocardiography triage. The EchoNext labeling framework
links each ECG to moderate-or-greater echocardiographic abnormalities identified within
the subsequent year, thereby making the task clinically relevant for referral support while
also defining the prediction target through a specific temporal and report-derived labeling
rule [3]. In addition, the per-label results indicate heterogeneous difficulty across endpoints,
with stronger performance for some ventricular dysfunction targets than for certain valvular
targets. Macro-averaged performance is useful for benchmarking, but real-world deployment
would require endpoint-specific operating thresholds, explicit consideration of the relative
consequences of false positives and false negatives, and calibration analyses to determine
whether predicted probabilities are sufficiently reliable for clinical decision support.

Several limitations should be acknowledged. First, the study used a public benchmark
derived from a single health system, and the mini-model release does not substitute for
independent external validation of the specific transfer strategy studied here, even though
the full EchoNext study reported external validation of the original EchoNext model across
multiple care settings [3]. Second, the labels are derived from structured echocardiography
reports and a one-year ECG—echo linkage rule, which may introduce temporal mismatch and



residual label noise for some records. Finally, the comparison across open foundation back-
bones was protocol-aligned but not strictly parameter-matched, and the binary-ensemble
comparison used a different adaptation depth from the unified multi-label model.

5. Conclusion

In conclusion, this study shows that open pretrained ECG models can support echo-
confirmed multi-label SHD detection when adapted in a targeted and computationally prac-
tical manner. On the EchoNext Mini-Model benchmark, continued in-domain self-supervised
adaptation followed by selective supervised fine-tuning of ECG-FM provided the most fa-
vorable overall performance among the evaluated configurations, outperforming engineered-
feature and from-scratch waveform baselines while avoiding the unnecessary cost of broader
end-to-end updating. More broadly, the results support open ECG FMs as a practical and
reproducible basis for SHD detection from routine 12-lead ECGs. Future work should extend
this benchmark-centered analysis toward external multi-institutional validation, probability
calibration and clinically specified threshold selection, subgroup robustness assessment, and
prospective workflow evaluation to determine whether the observed discrimination gains
translate into reliable and clinically actionable decision support in real-world practice.
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Appendix A. Target prevalence in the release cohort and supervised partitions

Table 9 summarizes the prevalence of the six study endpoints in the full EchoNext release
and in the train, validation, and test partitions used for supervised model development and
evaluation. These prevalences provide important context for the interpretation of precision—
recall performance and fixed-threshold F1, particularly for lower-prevalence endpoints such
as aortic stenosis.

Target Overall (%) Train (%) Val (%) Test (%)
Reduced LVEF (< 45%) 23.89 23.40 18.72 17.68
Increased LVWT (> 1.3 c¢m) 24.22 24.38 18.96 19.50
Aortic stenosis (moderate or greater) 4.05 4.03 5.45 5.26
Mitral regurgitation (moderate or greater) 8.45 8.47 6.10 6.19
Tricuspid regurgitation (moderate or greater) 10.65 10.63 6.59 6.49
RV systolic dysfunction (moderate or greater) 13.24 13.24 7.96 7.70

Table 9. Prevalence of the six study endpoints in the EchoNext release. The Overall
column is calculated over the full release cohort, whereas the Train, Val, and Test columns
are calculated within the supervised partitions used in this study. The supervised split
sizes are train n = 72,475, validation n = 4,626, and test n = 5,442.

Appendix B. Test performance for selected partial-adaptation settings

Table 10 reports per-endpoint test performance for two high-performing ECG-FM partial
fine-tuning configurations retained in the main analysis. The b = 9 setting achieved the
highest macro AUROC among partial-adaptation settings, whereas b = 5 yielded nearly
identical AUROC with fewer trainable parameters and the highest fixed-threshold macro
F1. Test-set endpoint prevalence is included to contextualize AUPRC and F1 under class
imbalance.

Adapted ECG-FM partial FT (b=9) Adapted ECG-FM partial FT (b = 5)

Endpoint Test Prev. (%) AUROC AUPRC  Acc F1 AUROC AUPRC  Acc F1

Reduced LVEF (< 45%) 17.68 0.9041 0.7425  0.8907 0.6582 0.9015 0.7393  0.8923 0.6667
Increased LVWT (> 1.3 cm) 19.50 0.7668 0.4188  0.8102 0.2365 0.7648 0.4208  0.8049 0.3461
Aortic stenosis 5.26 0.8547 0.2801 0.9473 0.1681 0.8512 0.2617  0.9434 0.1630
Mitral regurgitation 6.19 0.8450 0.2788  0.9364 0.1307 0.8362 0.2571  0.9309 0.2134
Tricuspid regurgitation 6.49 0.8515 0.3470  0.9372 0.2083  0.8478 0.3194  0.9267 0.3339
RV systolic dysfunction 7.70 0.8831 0.4895  0.9316 0.4364 0.8990 0.5056  0.9316 0.4918
Macro average — 0.8509 0.4261 0.9089 0.3064 0.8501 0.4173  0.9050 0.3691

Table 10. Per-endpoint test performance for selected adapted ECG-FM partial fine-
tuning configurations. Endpoint-specific test prevalence is shown to contextualize the
precision-recall and fixed-threshold results.

Appendix C. Pairwise co-occurrence structure among the six study endpoints

Table 11 summarizes pairwise co-occurrence among the six modeled endpoints in the full
EchoNext release. For each pair, the table reports the joint count, the joint prevalence, and
the conditional prevalences in both directions. These quantities provide additional context
for the multi-label formulation by indicating which endpoints most frequently co-occur in
the release cohort.

Appendix D. Engineered-feature sensitivity and importance for Baseline A

Baseline A used a single global feature ranking across the six targets so that all one-vs-
rest XGBoost models used a common feature set. The ranking combined train-set mutual
information, XGBoost gain-based importance, and permutation importance with weights



Endpoint 1 Endpoint 2 Count Joint Prev. (%) P(T2=1|T1=1) (%) P(T1=1|T2=1) (%)
Reduced LVEF RV systolic dysfunction 8,993 8.99 37.64 67.91
Reduced LVEF Increased LVWT 8,038 8.04 33.64 33.19
Reduced LVEF Mitral regurgitation 5,693 5.69 23.83 67.36
Increased LVWT RV systolic dysfunction 5,312 5.31 21.93 40.11
Tricuspid regurgitation RV systolic dysfunction 5,169 5.17 48.53 39.03
Reduced LVEF Tricuspid regurgitation 5,165 5.16 21.62 48.49
Increased LVWT Tricuspid regurgitation 3,812 3.81 15.74 35.79
Mitral regurgitation RV systolic dysfunction 3,500 3.50 41.42 26.43
Mitral regurgitation Tricuspid regurgitation 3,463 3.46 40.98 32.51
Increased LVWT Mitral regurgitation 3,276 3.28 13.53 38.76
Increased LVWT Aortic stenosis 1,790 1.79 7.39 44.15
Reduced LVEF Aortic stenosis 1,327 1.33 5.55 32.73
Aortic stenosis Mitral regurgitation 813 0.81 20.05 9.62
Aortic stenosis Tricuspid regurgitation 710 0.71 17.51 6.67
Aortic stenosis RV systolic dysfunction 551 0.55 13.59 4.16

Table 11. Pairwise co-occurrence structure among the six modeled endpoints in the full
EchoNext release (n = 100,000 ECGs). Pairs are ordered by decreasing joint prevalence.

0.30, 0.40, and 0.30, respectively. Figure 3 summarizes the feature-count sensitivity analysis
and the highest-ranked engineered ECG features.
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Figure 8. Engineered-feature selection and importance for Baseline A. (A) Mean valida-
tion AUROC after selecting the top-k features from the global ranking. Performance im-
proved rapidly with the first features, plateaued after roughly 60 features, and was highest
when using all 166 features (AUROC = 0.8049). (B) Top 10 features by global impor-
tance. The highest-ranked features include morphology, multi-lead, signal-statistical,
and beat-to-beat descriptors.

Appendix E. Qualitative latent-space visualization of pretrained ECG FMs

Figure 4 provides a qualitative two-dimensional visualization of pooled embeddings from
the original pretrained ECG-FM, ECGFounder, and HuBERT-ECG backbones before EchoNext-
specific domain adaptation or supervised fine-tuning.

For each backbone, t-SNE was fitted jointly to embeddings from PTB-XL and EchoNext
so that both datasets shared a common projection within the corresponding pretrained
latent space [6, 10]. Because ECG-FM yielded the strongest downstream performance in
the main experiments, the lower two rows reuse its pretrained latent space to illustrate the
spatial distribution of false positives and false negatives on the test set for six endpoints.
These plots are intended only for qualitative inspection and should not be interpreted as
evidence of class separability, calibration, or decision-boundary structure.
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Figure 4. Qualitative t-SNE visualization of pooled embeddings from the original pre-
trained ECG foundation-model backbones. In Panels A-C, PTB-XL samples are shown
in gray and EchoNext records with at least one modeled endpoint are colored by super-
vised partition (train/val/test). In Panels D-I, the pretrained ECG-FM latent space is
reused to display false positives (gold) and false negatives (red) on the EchoNext test
set at 7 = 0.5, across all six target conditions: aortic stenosis (D), mitral regurgitation
(E), tricuspid regurgitation (F), LV wall thickness (G), RV systolic dysfunction (H), and
reduced LVEF (I). Errors are broadly scattered with no discernible cluster boundary,
consistent with the difficulty of detecting SHD from ECG waveforms alone.

Code availability

Code for model training, evaluation, and figure generation will be made publicly available
at https://github.com/ducdonghiem/ecgfm-shd-screening.


https://github.com/ducdonghiem/ecgfm-shd-screening
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