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Abstract

Risk of sudden cardiac arrest may be expressed differently by anatomy, mechanical function and
electrical activity, while studies that contain all three modalities for the same patient are uncommon. We
developed CardiacGuard-Net, a modular deep-learning framework that learns modality-specific
representations from cardiac magnetic resonance imaging (CMR), echocardiography and twelve-lead
electrocardiography (ECG), then combines them for cardiac-arrest classification. The modality-specific
models achieved mean Dice 0.953 for CMR segmentation, 3.8% mean absolute error for
echocardiographic ejection-fraction estimation and AUC 0.938 for 24-h arrest prediction from ECG. For
multimodal evaluation, 1,204 records were assembled into a matched benchmark using age band, sex,
ejection-fraction band and diagnostic category because no dataset available to the study contained all
three modalities for the same patients. On this benchmark, CardiacFusion-Net achieved AUC 0.947,
compared with 0.920 for late fusion. Removing the ECG, CMR or echocardiographic branch reduced AUC
by 0.035, 0.026 and 0.016, respectively. A single trained model also retained discrimination when
modalities were withheld, with AUCs of 0.890 for ECG alone, 0.905 for MRI+echo, 0.921 for MRI + ECG
and 0.931 for echo + ECG. The multimodal results are therefore best interpreted as an internal proof-of-
concept benchmark of complementary information, not as patient-level clinical validation.

1 Introduction

Sudden cardiac arrest remains difficult to predict because risk can arise from several parts of the
cardiac system at once. An electrocardiogram (ECG) captures electrical activity, echocardiography
describes mechanical function, and cardiac magnetic resonance (CMR) provides detailed structural
information. These measurements are related, but they are not interchangeable. A heart can have
preserved global function while still showing structural or electrical features associated with arrhythmic
risk [3,7, 9, 2].

This creates a practical challenge for multimodal machine learning. The most informative datasets
would contain several measurements from the same patient at approximately the same stage of
disease, yet such cohorts are difficult to assemble. Recent deep-learning work has shown that ECG
waveforms can contain information relevant to sudden cardiac death beyond traditional measures [12],
while multimodal models have begun to combine CMR with clinical and echocardiographic information
for arrhythmic-risk assessment in specific patient groups [8]. Multimodal learning has increasingly been
proposed as a way to combine complementary biomedical signals [16, 17]. Recent deep-learning work
has also shown that ECG waveforms can contain information relevant to sudden cardiac death beyond
traditional measures [12], while multimodal models have begun to combine CMR with clinical and
echocardiographic information for arrhythmic-risk assessment in specific patient groups [8]. These
studies strengthen the case for multimodal modelling, but they also highlight how dependent
performance is on the population, endpoint and availability of genuinely linked measurements.
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The present study asks a narrower question: can useful information learned separately from CMR,
echocardiography and ECG be brought together into a single model, and does each view add information
to the others? We designed CardiacGuard-Net as a modular framework with three modality-specific
networks and a final fusion network. The model can also operate when one or more modalities are
unavailable, allowing its robustness to incomplete inputs to be examined without changing the trained
system.

A key limitation must be made explicit from the outset. No accessible dataset contained
contemporaneous CMR, echocardiography and ECG for the same patients. We therefore constructed a
matched multimodal benchmark rather than claiming a naturally paired cohort. The matching used age
band, sex, ejection-fraction band and diagnostic category. This design permits an internal comparison of
learned representations and modality contribution, but it cannot establish how the three signals interact
within individual patients in routine care. The study is consequently framed as a biomedical-engineering
proof of concept that motivates, rather than replaces, evaluation in genuinely paired multimodal cohorts.

Our objectives were to (1) build useful modality-specific cardiac representations, (2) test whether
combining them improves discrimination in the matched benchmark, and (3) examine which modalities
and fusion components are most important when information is added or withheld.

2 Methods
2.1 Framework and study design

CardiacGuard-Net was developed in two stages. First, CardiacMRI-Net, EchoCardio-Net and ECG-
ArrhythmiaNet were trained independently on their corresponding datasets. Their learned encoders were
then frozen and used as feature extractors for CardiacFusion-Net. This separation allowed the
representation-learning stage to use the larger single-modality datasets while keeping the multimodal
training stage restricted to the available matched benchmark.

2.2 Datasets

Four sources were used. ACDC provided 100 CMR examinations with expert annotations [1]. EchoNet-
Dynamic provided 10,030 apical four-chamber echocardiographic videos with reported ejection fraction
[13], and CAMUS provided 500 patients for cross-dataset assessment of cardiac structure segmentation
[10]. The ECG cohort of Kwon et al. [11] comprised 47,505 ten-second twelve-lead ECGs from 25,672
patients and included a 24-h cardiac-arrest endpoint.

Because no available source contained all three modalities for the same patient, 1,204 records were
assembled into a matched multimodal benchmark without replacement. Matching was performed on
age band, sex, ejection-fraction band and diagnostic category. These matched sets should not be
interpreted as contemporaneous patient-level multimodal observations; rather, they provide a controlled
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benchmark in which the three learned representations can be compared under the same broad clinical
strata.

Table 1
Datasets and their role in the study
Dataset Size Role in this study
ACDC 100 studies; 1,860 Training and evaluation of CMR
annotated slices segmentation
EchoNet-Dynamic 10,030 videos Training and evaluation of
echocardiographic EF estimation
CAMUS 500 patients Cross-dataset assessment of cardiac
segmentation
Kwon ECG cohort 47,505 ECGs; 25,672 Training and evaluation of 24-h arrest
patients prediction
Matched multimodal 1,204 matched record Evaluation of CardiacFusion-Net and
benchmark sets modality subsets

2.3 Modality-specific models

The three modality-specific networks were designed to produce clinically meaningful intermediate
representations rather than to serve as the paper’s primary contribution.

CardiacMRI-Net uses an encoder—decoder segmentation architecture, in the general family of
architectures established for biomedical image segmentation [14], with a self-adaptive attention
bottleneck that combines spatial, channel and patch-level information. The resulting segmentations are
used to estimate ventricular volumes and related functional measures.

EchoCardio-Net uses a spatiotemporal video network with an LV segmentation head and an ejection-
fraction regression head, following the broader video-based learning approach used by EchoNet-
Dynamic [13]. Ejection fraction was estimated from detected cardiac cycles and summarized across
beats.

ECG-ArrhythmiaNet uses a one-dimensional residual network for twelve-lead ECGs with auxiliary
physiological prediction tasks, drawing on the residual-learning paradigm [6]. Lead dropout during
training permits evaluation with fewer leads without retraining.

2.4 Multimodal fusion

CardiacFusion-Net receives the frozen representations from the three modality encoders. Each
representation is refined before the model considers relationships between modalities using multi-head
attention [18], after which a learned modality gate combines the available representations and produces
an arrest probability. During training, modality dropout randomly removes individual branches so that the
same model can also be evaluated when only a subset of modalities is available.
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2.5 Training and evaluation

All dataset splits were performed at the patient level where patient identifiers were available. ACDC used
five-fold stratified cross-validation with the official test set held out. EchoNet-Dynamic used its official
train/validation/test split, while CAMUS was used only for cross-dataset testing. The ECG cohort used a
70/15/15 train/validation/test split. The matched multimodal benchmark was divided 60/20/20 into
training, calibration and test partitions. Temperature scaling was used only after model fitting and on the
designated calibration partition [5]. Architectural choices and hyperparameters were fixed before final
test evaluation.

Single-modality performance was assessed using Dice/loU for segmentation, mean absolute error for
ejection fraction, and AUC for ECG classification. The multimodal benchmark was evaluated using AUC-
ROC, sensitivity, specificity, F1, calibration slope and component ablations. Results are reported over five
random seeds. Pairwise AUC comparisons used DelLong tests [4] with Holm—Bonferroni correction.

3 Results
3.1 Single-modality performance

CardiacMRI-Net achieved a mean Dice score of 0.953 on the ACDC test set (LV 0.952, myocardium
0.955, RV 0.953). Performance remained high across the reported anatomical categories, and the
attention module improved Dice relative to the attention-free baseline. Derived ejection fraction was
within 2.1 percentage points of expert tracing.

EchoCardio-Net estimated echocardiographic ejection fraction with a mean absolute error of 3.8% on
EchoNet-Dynamic. Performance transferred to the CAMUS data, although image quality affected
segmentation performance.

ECG-ArrhythmiaNet achieved an AUC of 0.938 for 24-h arrest prediction from twelve-lead ECGs. With
fewer leads, AUC decreased to 0.921 using six limb leads and 0.894 using lead | alone (Table 2). These
results are presented as robustness experiments rather than evidence for wearable deployment.

Table 2
ECG arrest prediction under reduced lead availability
Metric 12leads 6 limbleads LeadIonly
AUC-ROC 0.938 0.921 0.894
Specificity at 90% sensitivity  0.87 0.84 0.79
Positive predictive value 0.12 0.09 0.07

3.2 Multimodal fusion
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On the matched multimodal benchmark, CardiacFusion-Net achieved an AUC of 0.947. This was higher
than early fusion (0.901) and late fusion (0.920), and higher than the strongest single-modality result
evaluated on the same benchmark (ECG, 0.890). The result is an internal benchmark comparison;
because the three records in a matched set were not naturally paired within patients, the AUC should not
be interpreted as prospective patient-level clinical performance.

The modality subset analysis showed a progressive increase in discrimination as views were added: MR
alone, 0.840; echo alone, 0.870; ECG alone, 0.890; MRI+echo, 0.905; MRI + ECG, 0.921; echo + ECG, 0.931;
and all three modalities, 0.947 (Fig. 2). Thus, the benefit of multimodality was visible even without relying
solely on the full fusion architecture.

Component ablation further showed that removing the ECG, MRI or echocardiographic branch reduced
AUC by 0.035, 0.026 and 0.016, respectively. Removing cross-modal attention reduced AUC by 0.012,
whereas removing modality gates reduced AUC by 0.009. These results suggest that the three views
provide complementary information, while the additional value of explicit cross-modal interaction is
smaller than the value of adding the modalities themselves. We do not interpret the difference as a
formal decomposition of complementarity and interaction because the matched benchmark does not
capture true patient-specific cross-modal dependence.

Temperature scaling produced a calibration slope of 0.94 on the multimodal benchmark. The model also
retained useful discrimination when modalities were withheld, indicating that the modular design can
support robustness testing without retraining separate models for every modality subset.

3.3 Interpretability and computational characteristics

Grad-CAM [15] visualizations highlighted cardiac regions and waveform segments that were
anatomically or physiologically plausible within the corresponding modality. The ECG counterfactual
analysis also recovered terminal QRS/ST-T morphology, including a pattern in lead aVL, consistent with
the type of ECG morphology highlighted in recent deep-learning work on sudden cardiac death [12].
These findings are qualitative and are not presented as independent mechanistic validation.

End-to-end inference across all three modalities required 1.73 s per record on one GPU, while the ECG-
only pathway required 0.05 s. These measurements describe the current implementation and are not
intended as clinical deployment benchmarks.

4 Discussion

The main finding is straightforward: when information from anatomy, mechanical function and electrical
activity was brought together in a matched multimodal benchmark, the combined representation

discriminated better than any individual view and better than conventional early- or late-fusion baselines.
Each modality contributed, and performance increased across the reported non-empty modality subsets.
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The most important qualification is equally straightforward. The multimodal benchmark was constructed
by matching records from separate sources rather than by following patients who underwent all three
studies. The resulting AUC therefore measures how well these representations work together under the
matching scheme used in this study. It does not establish that the same gain would occur when CMR,
echocardiography and ECG are measured in the same person at the same clinical time point. This
distinction is central to interpreting the paper and is why the results are presented as a proof of concept
rather than a clinically validated risk model.

The ablation analysis provides a useful engineering observation. Removing any of the three modality
branches lowered performance, with the largest decrease after removing ECG. Removing cross-modal
attention had a smaller effect than removing an entire modality branch, suggesting that much of the
observed gain comes from combining complementary representations rather than from the fusion
module learning a large amount of additional interaction structure. Because the matched benchmark
weakens patient-specific correlation, however, this observation should not be treated as a general
statement about how much multimodal benefit is caused by interaction.

The ability to evaluate any non-empty subset with one trained model is another practical property of the
framework. It is useful for studying incomplete inputs and for comparing the value of different
examinations without building a separate predictor for every combination. The present results support
this as a modelling capability, not as evidence that a reduced-modality pathway is ready for clinical use.

These results also place the work in a rapidly developing field. Recent ECG-only work has shown that
deep learning can recover clinically meaningful information about sudden cardiac death from surface
waveforms [12], and recent multimodal work in hypertrophic cardiomyopathy has demonstrated the
value of combining CMR with other clinical information for arrhythmic-risk prediction [8]. Our
contribution is narrower: a modular framework that combines independently learned cardiac
representations and explicitly examines how much each view adds in a setting where fully paired three-
modality data are not available.

4.1 Limitations

Several limitations define the scope of the conclusions. First, and most importantly, the multimodal
benchmark was created by record matching rather than natural patient-level pairing. The fusion results
therefore do not provide external clinical validation and should not be compared directly with patient-
level prospective models as though the evaluation settings were identical. Second, the single-modality
datasets differ in acquisition protocol, population and endpoint definition, and these differences carry
into the matched benchmark. Third, the study is retrospective, and the ECG cohort was obtained from
the original investigators rather than redistributed by the present author, which limits independent
reproduction of the exact ECG experiment. Finally, interpretability analyses are qualitative and the
computational timing was measured on a single implementation.
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5 Conclusion

When one cardiac view is incomplete, another may carry information that remains useful. In our matched
multimodal benchmark, combining CMR, echocardiography and ECG representations produced higher
discrimination than individual modalities and conventional fusion baselines, and each modality made a
measurable contribution. A single trained model also retained discrimination when modalities were
removed. These findings support multimodal representation fusion as a useful biomedical-engineering
strategy for cardiac risk modelling, while the constructed nature of the multimodal benchmark means
that the results should be regarded as proof-of-concept evidence awaiting validation on genuinely paired
patient data.
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Figure 1

CardiacGuard-Net combines separate representations from CMR, echocardiography and ECG. The
modality-specific encoders are trained first and then frozen during multimodal training. A cross-modal
fusion stage integrates the representations, while modality dropout allows the same trained fusion
model to be evaluated when one or more modalities are unavailable.
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Figure 2

Component and modality-subset analysis. Removing an individual modality reduced AUC, with the
largest decrease after removing ECG. The right panel shows performance for each non-empty modality
subset in the matched multimodal benchmark.
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