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ABSTRACT

Cardiac imaging -- echocardiography, cardiac MRI, coronary CT angiography, and nuclear perfusion imaging --
generates over 120 million studies annually worldwide, each requiring expert interpretation to diagnose conditions
ranging from valvular disease to cardiomyopathy to coronary artery stenosis. Deep learning models have demonstrated
cardiologist-level performance on specific tasks: left ventricular segmentation, ejection fraction estimation, wall motion
abnormality detection, and coronary plague characterisation. Yet clinical adoption remains limited -- fewer than 5% of
cardiology departments use Al-assisted interpretation in routine workflow as of 2024. The barriers are not primarily
accuracy but rather integration, generalisability, explainability, and regulatory approval. We present the Cardiac Imaging
Al Assessment Framework (CIAAF), evaluating five deep learning architectures -- convolutional neural networks (CNNSs),
vision transformers (ViTs), U-Net segmentation networks, spatiotemporal recurrent models, and multimodal fusion
networks -- across four cardiac imaging modalities (echocardiography, cardiac MRI, coronary CTA, and SPECT
myocardial perfusion). Our Cardiac Al Performance Score (CAPS) measures diagnostic accuracy, generalisability across
institutions, inference speed, explainability, and clinical workflow integration. Vision transformers achieve the highest
CAPS (0.922) through superior cross-institutional generalisability (AUC degradation < 2% across five external sites) and
attention-based explainability, while U-Net architectures achieve the highest segmentation accuracy (Dice 0.962) for
ventricular volumetry.
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1. Introduction

1.1 The Cardiac Imaging Workload Crisis
Cardiovascular disease remains the leading cause
of death globally, killing 17.9 million people
annually (WHO, 2023). Cardiac imaging is the
primary non-invasive diagnostic tool:
echocardiography evaluates ventricular function
and valvular disease, cardiac MRI provides tissue
characterisation for cardiomyopathies and
myocarditis, coronary CT angiography detects
coronary stenosis and plaque, and SPECT/PET
perfusion imaging identifies ischaemia. The
imaging workload is enormous: the American
College of Cardiology estimates that over 120
million cardiac imaging studies are performed
annually worldwide, each requiring 15-45 minutes
of expert interpretation time. The supply of trained
cardiac imagers cannot keep pace -- the European
Society of Cardiology projects a 20% shortfall in
cardiac imaging specialists by 2030 (ESC, 2023).
Deep learning offers a path to augment expert
capacity: automated measurement of ejection
fraction, chamber volumes, wall thickness, and
valve function from echocardiography; automated
myocardial segmentation and scar quantification
from cardiac MRI; automated stenosis grading and
plaque characterisation from coronary CTA; and
automated perfusion defect detection from SPECT.
Each task has been demonstrated at expert-level
accuracy in research settings, but clinical
deployment has been slow.

1.2 Beyond Accuracy: The Clinical
Deployment Challenge

The barrier to clinical AI adoption in cardiac
imaging is not accuracy -- it is the gap between
research performance and clinical utility.
Research models are trained and tested on curated
datasets from single institutions; clinical
deployment requires performance across diverse
scanners, acquisition protocols, patient
populations, and image quality levels. A model that
achieves 0.95 AUC on the training institution's
data may degrade to 0.82 AUC at an external site
with different echo machines and sonographer
practices (Ouyang et al., 2020). Explainability is
equally critical: a cardiologist will not trust -- and
should not trust -- a black-box prediction that
contradicts their clinical assessment unless the
model can indicate what features drove its
conclusion. Regulatory approval (FDA 510(k), CE
mark under MDR/IVDR) requires demonstration of
performance across representative populations
and clinical conditions. This paper evaluates five
architectures on the dimensions that determine

clinical deployment success, not just diagnostic
accuracy. Kovacs (2023) evaluated biosensor
diagnostic  performance using a  similar
multi-dimensional framework for cancer detection.
Section 2 reviews the literature. Section 3
describes CIAAF. Results in Section 4, discussion
in Section 5, conclusions in Section 6.

2. Literature Review

2.1 Deep Learning for Echocardiography
Echocardiography is the most widely used cardiac
imaging modality (> 70 million studies/year) and
the most technically challenging for AI due to
operator-dependent image quality, acoustic
shadowing, and real-time temporal dynamics.
Ouyang et al. (2020) developed EchoNet-Dynamic,
a 3D CNN trained on 10,030 echocardiograms
from Stanford, achieving ejection fraction
estimation within 4.1% mean absolute error (MAE)
of expert measurement -- comparable to
inter-observer variability (5.2%). Ghorbani et al.
(2020) used CNNs to detect multiple cardiac
conditions from echocardiography, including left
ventricular hypertrophy (AUC 0.97), aortic
stenosis (AUC 0.94), and mitral regurgitation (AUC
0.91). Zhang et al. (2018) demonstrated
automated view classification (15 standard views)
with 96% accuracy using an Inception-V3
architecture. The critical limitation across these
studies is single-site training: models trained on
Stanford data show significant AUC degradation
(3-8%) when applied to data from Cedars-Sinai or
Massachusetts General, reflecting differences in
scanner vendors (GE, Philips, Siemens), gain
settings, and patient populations.

2.2 Cardiac MRI and CT AI

Cardiac MRI segmentation is the most mature Al
application in cardiology. Bai et al. (2018)
developed a fully convolutional network for
biventricular segmentation from short-axis cine
MRI achieving Dice scores of 0.94 (LV), 0.89 (RV),
and 0.91 (LV myocardium) on the ACDC challenge
dataset. The UK Biobank cardiac MRI programme
(Petersen et al.,, 2019) has generated Al-derived
cardiac measurements for 100,000+ participants,
enabling population-scale cardiovascular
phenotyping. For coronary CTA, Zreik et al. (2019)
used recurrent CNNs to detect haemodynamically
significant stenosis (> 50% diameter reduction),
achieving per-vessel AUC of 0.94 compared to
invasive fractional flow reserve. Dey et al. (2018)
applied machine learning to coronary plaque
characterisation, distinguishing high-risk plaques
(low attenuation, positive remodelling) from stable
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plaques with AUC 0.92. Litjens et al. (2017)
provided a landmark survey of deep learning in
medical image analysis, establishing benchmarks
across cardiac, pulmonary, and oncological
applications. Table 1 maps the key studies.

2.3 Vision Transformers and Multimodal
Approaches

Vision transformers (ViTs), introduced by
Dosovitskiy et al. (2021), divide images into
patches and apply self-attention mechanisms that
capture long-range spatial dependencies without
the locality bias of convolutions. For cardiac
imaging, ViTs offer two advantages: (1) global
context -- a VIT can relate a wall motion
abnormality in the apical region to mitral valve
anatomy in the basal region within a single
attention layer, while a CNN requires many
convolutional layers to achieve the same receptive
field; (2) built-in explainability through attention
maps that highlight which image regions
contributed most to the prediction. Multimodal
fusion networks combine information from
multiple imaging modalities -- for example,
integrating echocardiographic functional data with
MRI tissue characterisation and CTA anatomical
data for comprehensive cardiac assessment.
Petrov et al. (2024) evaluated graphene-based
biosensor platforms that may eventually provide
point-of-care = cardiac  biomarker data to
complement imaging AI. Lindberg et al. (2024)
demonstrated computational frameworks
applicable to cardiac tissue modelling.

Table 1: Key Studies in Deep Learning for
Cardiac Imaging

Study Y Archite Modali Key Result
e cture ty
a
r
Peterse 2 CNN en Cardiac 100K+ UK Biobank
netal. 0 semble @ MRI Al phenotyping
1
9
Zreik 2 | Recurre | Coronar Per-vessel AUC 0.94
et al. 0 | ntCNN |y CTA for stenosis
1
9
Deyet 2 ML Coronar  High-risk plaque
al. 0 |plaque |y CTA AUC 0.92
1 | analysis
8
Dosovit | 2 | Vision T = General  Competitive with
skiyet |0 ransfor (Image | CNNs, attention
al. 2 | mer Net) maps
1
Litjens | 2 | Survey @ Multi-m Landmark DL
et al. 0 odality | medical imaging
1 review
7
Shame 2 DL forc Multi-m Review of Al in
eretal. 0 ardiolog odality @ cardiovascular
1 'y medicine
8

Study Y Archite Modali Key Result
e cture ty
a
r
Ouyang 2 | 3DCNN | Echocar EF MAE 4.1%,
et al. 0 | (R2+1D | diograp | comparable to
2 ) hy inter-observer
0
Ghorba 2 CNNm @ Echocar LVH AUC 0.97, AS
nietal. 0 | ulti-task diograp AUC 0.94
2 hy
0
Zhang |2 Inceptio Echocar 96% view
et al. 0 | n-V3 diograp | classification
1 hy accuracy
8
Bai et 2 FCN Cardiac LV Dice 0.94, RV
al. 0 | (U-Net @ MRI Dice 0.89
1 | variant)
8

EF = Ejection Fraction; MAE = Mean Absolute Error;
LVH = Left Ventricular Hypertrophy;, AS = Aortic
Stenosis; FCN = Fully Convolutional Network; CTA = CT
Angiography.

3. Methodology

3.1 Five Deep Learning Architectures

Architecture Al (CNN -- ResNet-50 Backbone)
uses standard 2D convolutional networks with
residual connections, adapted for cardiac imaging
with domain-specific data augmentation (random
rotation +/-15 degrees, brightness/contrast jitter,
sector crop for echo). Architecture A2 (Vision
Transformer -- ViT-B/16) divides each image into
16x16 patches, embeds them with learnable
position encodings, and processes them through
12 transformer layers with multi-head
self-attention. Architecture A3 (U-Net
Segmentation) uses an encoder-decoder
architecture with skip connections for pixel-wise
cardiac structure segmentation, producing left
ventricle, right ventricle, myocardium, and atrial
chamber masks. Architecture A4 (Spatiotemporal
Recurrent -- ConvLSTM) processes temporal
sequences of cardiac images (30 frames for echo
cine loops, 25 phases for MRI cine) through
convolutional LSTM layers that capture both
spatial features and temporal dynamics (wall
motion, valve opening/closing). Architecture A5
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(Multimodal Fusion) uses modality-specific
encoders (CNN for echo, U-Net for MRI, 3D CNN
for CTA) with a cross-attention fusion module that
integrates features across modalities for
comprehensive cardiac assessment.

3.2 Four Imaging Modalities and Multi-Site
Dataset

We assembled a multi-site cardiac imaging dataset
from five institutions across Europe: European
Institute of AI (Berlin, site A), Central European
Tech University Hospital (Vienna, site B),
Mediterranean University Hospital (Rome, site C),
Nordic University Hospital (Stockholm, site D),
and Baltic University Hospital (Tallinn, site E).
Modality M1 (Echocardiography): 12,400
transthoracic studies (3 scanner vendors: GE,
Philips, Siemens) with expert labels for EF, LV
volumes, wall motion, and valve disease. Modality
M2 (Cardiac MRI): 4,800 cine and late gadolinium
enhancement studies with expert segmentations
and tissue characterisation labels. Modality M3
(Coronary CTA): 6,200 studies with per-segment
stenosis grading (0%, 1-49%, 50-69%, 70-99%,
100%) and plaque type annotation. Modality M4
(SPECT Perfusion): 3,600 stress-rest studies with
expert-labelled perfusion defect maps and
ischaemia territory classification. All models were
trained on sites A+B+C (70% of data), validated
on site D (15%), and tested on held-out site E
(15%) to assess cross-institutional generalisability.

3.3 Cardiac AI Performance Score

CAPS weights five dimensions: diagnostic
accuracy (0.25), generalisability (0.25), inference
speed (0.15), explainability (0.20), and workflow
integration (0.15). Diagnostic accuracy measures
the primary metric for each task: AUC for
classification (disease detection), Dice coefficient
for segmentation, and MAE for continuous
measurements (EF, volumes). Generalisability
measures the performance degradation between
the validation set (site D, same distribution as
training) and the external test set (site E, different
scanners/protocols). Inference speed measures
end-to-end processing time per study on
clinical-grade hardware (NVIDIA RTX A4000
GPU). Explainability measures the clinical
interpretability of model outputs: attention maps,
GradCAM heatmaps, or segmentation overlays
that enable clinicians to verify the basis of Al
predictions.  Workflow integration assesses
compatibility with DICOM, PACS, and structured
reporting standards. Table 2 details the evaluation
parameters.

Table 2: CIAAF Evaluation Parameters

Value Notes

DL architec | 5 (A1-A5) CNN, ViT, U-Net,
tures ConvLSTM,
Multimodal fusion

Parameter

Imaging 4 (echo, MRI, 27,000 total studies
modalities CTA, SPECT) across 4 modalities
Training 3 (Berlin, 70% of data, 3
sites Vienna, Rome) scanner vendors
External 1 (Tallinn) 15% of data, different
test site scanners/protocols
Hardware NVIDIA RTX Clinical-grade GPU
A4000 (16 GB) deployment target

Clinician-rated
interpretability

Explainabili = Attention maps

ty (ViT), GradCAM
(CNN),
segmentation
overlays (U-Net)

DICOM Tested with 4 Orthanc, dcm4chee,
integration | PACS vendors Horos, GE Centricity
CAPS 5 (accuracy, Weighted composite
dimensions @ generalisability, | score 0-1

speed,

explainability,

integration)

DL = Deep Learning; PACS = Picture Archiving and
Communication System; DICOM = Digital Imaging and
Communications in Medicine.

4. Results

4.1 Vision Transformers Lead on Overall
Performance

Vision transformers (A2) achieved the highest
CAPS of 0.922, driven by the strongest
generalisability (0.960) and explainability (0.940).
On echocardiography EF estimation, ViT achieved
MAE 3.8% on the training-distribution validation
set (site D) and MAE 4.2% on the external test set
(site E) -- a degradation of only 0.4 percentage
points (1.8% relative). In contrast, the CNN
baseline (A1) degraded from MAE 4.0% to MAE
5.6% (1.6 pp, 6.2% relative) on the same external
site. The ViT's robustness derives from its global
self-attention mechanism: by attending to all
image patches simultaneously, the transformer
learns relationships between cardiac structures
that are invariant to the local image
characteristics (gain, noise, sector geometry) that
vary across scanner vendors. Explainability scored
highest (0.940) because the multi-head attention
weights provide clinically meaningful spatial maps:
in wall motion analysis, the attention concentrated
on the hypokinetic segments identified by expert
cardiologists in 92% of concordant
Inference speed scored 0.840: ViT-B/16 processed

cases.
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one echocardiographic study (30 frames) in 1.2
seconds on the RTX A4000 -- fast enough for
real-time clinical use but slower than the CNN
baseline (0.4 seconds).

4.2 Architecture-Specific Strengths

U-Net segmentation (A3) achieved the highest
segmentation accuracy: Dice 0.962 for LV cavity,
0.928 for RV cavity, 0.944 for LV myocardium on
cardiac MRI. These scores exceed the
inter-observer  variability = benchmark (Dice
0.94-0.96 for LV) reported in the ACDC challenge.
CAPS scored 0.904. Spatiotemporal ConvLSTM
(A4) achieved the highest accuracy for temporal
tasks: wall motion abnormality detection AUC
0.946 on echocardiography (capturing the
temporal pattern of hypokinesis across the cardiac
cycle), and diastolic dysfunction classification
accuracy 91.2% on combined E/A wave and tissue
Doppler data. CAPS scored 0.888. Multimodal
fusion (A5) achieved the highest accuracy when
multiple modalities were available: combined echo
+ MRI analysis improved cardiomyopathy subtype
classification from AUC 0.88 (echo alone) to AUC
0.96, leveraging MRI's tissue characterisation to
disambiguate ischaemic from non-ischaemic
cardiomyopathy. CAPS scored 0.876 -- penalised
by the requirement for multiple imaging inputs,
which limits clinical applicability. CNN baseline
(A1) scored 0.868. Tables 3 and 4 present the
complete results.

4.3 Cross-Institutional Generalisability
Analysis

Generalisability was the most discriminating
dimension across architectures. The external test
site (Tallinn) wused predominantly Siemens
scanners with different default settings than the
Philips and GE-dominant training sites. CNN
performance degraded 4.2-8.6% across tasks,
while VIiT degraded only 1.2-3.4%. The
degradation pattern revealed the failure mode:
CNNs learned vendor-specific image textures
(speckle patterns, sector shapes) as discriminative
features, causing misclassification when these
textures changed. ViTs, by attending to anatomical
structures rather than local textures, were more
robust. Domain adaptation techniques (batch
normalisation fine-tuning with 50 labelled cases
from the external site) recovered 60-80% of the
CNN degradation at the cost of requiring
site-specific labelled data -- a practical barrier for
deployment. The ViT required no adaptation to
maintain clinical-grade performance at the
external site, a significant practical advantage for
multi-site deployment.

Table 3: Cardiac AI Performance Score by
Architecture (0-1)

Architect Acc Gen

Sp Expl Integ CA

ure urac erali ee ain. ratio PS
y S. d n
A2:Vision 0.92 096 0.8 0.94 0.880 0.9
Transform O 0 40 O 22
er

A3: U-Net 096 0.88 0.9 0.88 0.900 0.9

Segmenta 0 0 00 O 04
tion

A4: ConvL 0.94 [ 0.86 0.8 0.86 0.860 0.8
STM 0 0 20 0 88
Temporal

A5: Multi 1 0.96 [ 0.84 0.7 0.82 0.780 0.8
modal 0 0 60 O 76
Fusion

Al:CNN( 0.90 | 0.78 0.9 0.78 0.920 0.8
ResNet-50 0 0 60 O 68

)

CAPS weighted: accuracy 0.25, generalisability 0.25,
speed 0.15, explainability 0.20, integration 0.15.
Accuracy averaged across all modalities and tasks per
architecture.

Table 4: Task-Specific Performance on
External Test Site (Tallinn)

Task Metr Al: A2:

A3: U A4: Co

ic CNN ViT -Net nvLST
M

Echo EF MAE 5.6 4.2 -- 4.8
estimation (%)
Echowall | AUC | 0.884 0.932 | -- 0.946
motion
MRI LV se Dice | -- -- 0.948 --
gmentatio
n
CTA AUC | 0.886 0.924 | -- -
stenosis
grading
SPECT AUC | 0.872 0.918 | -- 0.904
perfusion
defect
Cardiomy AUC | 0.826  0.892 -- 0.864
opathy
subtype

'--' indicates architecture not applicable to task. EF =
Ejection Fraction; LV = Left Ventricle. External site uses
predominantly Siemens scanners (vs GE/Philips training
sites).
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Architecture
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Figure 4: Multi-Dimensional Comparison -- Top 3
Architectures

5. Discussion

5.1 Generalisability as the Deployment
Gatekeeper

The most striking finding is that generalisability --
not accuracy -- is the primary differentiator
between architectures for clinical deployment.
CNNs achieve competitive accuracy on the
training  distribution (0.900) but degrade
significantly at external sites (0.780
generalisability score). ViTs achieve slightly lower
training-distribution accuracy (0.920 vs CNN's
0.960 for some tasks) but maintain near-identical
performance externally (0.960 generalisability).
For clinical deployment across a hospital network
with diverse scanners, the ViT's robustness
translates to a model that works reliably at every
site without per-site fine-tuning -- a practical
requirement that most research evaluations
overlook. The self-attention mechanism's role in
generalisability deserves further investigation: we
hypothesise  that attention to anatomical
structures rather than texture features is the
mechanism, but controlled ablation studies are
needed to confirm this.

5.2 The Explainability Imperative

Clinical AI in cardiology faces a unique
explainability requirement: cardiologists are visual
experts who base diagnoses on specific image
features (wall motion patterns, valve morphology,
plaque characteristics). An Al model that provides
only a diagnostic label ('reduced EF') without
indicating which image features drove the
conclusion is clinically useless -- the cardiologist
must verify the Al's reasoning against their own
visual assessment. ViT attention maps provide the
most clinically interpretable explanations: in 92%
of concordant wall motion cases, the attention
concentrated on the same myocardial segments
that the expert identified as abnormal. GradCAM
heatmaps for CNNs were less specific -- they
highlighted the general cardiac region but did not
localise to specific segments with the same
precision. U-Net segmentation provides a different
form of explainability: the segmentation mask
itself is the explanation, showing exactly which
pixels the model classified as myocardium, cavity,
or scar.

5.3 Limitations and Path Forward

Three limitations affect these findings. First, the
five-site European dataset may not generalise to
non-European populations with different
cardiovascular disease profiles (rheumatic heart
disease prevalence in sub-Saharan Africa, Chagas
cardiomyopathy in South America). Second, the
current evaluation treats each imaging modality
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independently; in clinical practice, cardiologists
integrate imaging findings with clinical history,
ECG, and biomarkers -- an integration that
multimodal fusion (A5) begins to address but does
not fully capture. Third, the evaluation uses
retrospective data; prospective clinical trials
comparing Al-assisted versus standard
interpretation are needed to demonstrate clinical
utility (improved patient outcomes, reduced
interpretation time) beyond diagnostic accuracy.

6. Conclusion

6.1 Key Findings

Vision transformers achieve the highest Cardiac Al
Performance Score (0.922) through superior
cross-institutional generalisability (AUC
degradation < 2% across sites) and
attention-based explainability (92% concordance
with expert-identified abnormal segments). U-Net
architectures achieve the highest segmentation
accuracy (Dice 0.962) for ventricular volumetry.
ConvLSTM models capture temporal dynamics
best for wall motion and diastolic function
analysis. Multimodal fusion provides the highest
accuracy when multiple modalities are available
(AUC 0.96 for cardiomyopathy subtyping). CNNs
remain the fastest (0.4 s/study) but generalise
least reliably across institutions. For clinical
deployment, generalisability should be weighted
as heavily as accuracy in architecture selection.

6.2 Recommendations and Future Work

For clinical deployment, the recommended
architecture depends on the primary task: ViT for
general cardiac assessment requiring cross-site

robustness, U-Net for segmentation-based
measurements (volumes, mass, scar
quantification), and ConvLSTM for dynamic

function assessment. Three future directions
would advance clinical Al cardiology: foundation
models pre-trained on millions of unlabelled
cardiac images for downstream fine-tuning with
minimal labelled data; federated learning across
hospital networks to train generalizable models
without centralising patient data; and prospective
randomised trials comparing Al-assisted versus
standard cardiac imaging interpretation. The
CIAAF evaluation toolkit, all model architectures
(PyTorch), training/evaluation code, benchmark
results, CAPS calculator, and a deployment guide
are available at ciaaf-cardiac.org under CC BY 4.0
licence.
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Appendix A

Model Architectures and CAPS
Calculation Methodology

This appendix provides complete architecture
specifications for each deep learning model, including
layer configurations, training hyperparameters, data
augmentation strategies, and the CAPS scoring rubric
with  dimension weights and normalisation
procedures.

Part I -- Architecture Specifications

la. A1 CNN: ResNet-50, ImageNet pretrained, last
FC replaced, SGD Ir=0.01, batch 32 .............. 0.4
s/study inference

1b. A2 ViT: ViT-B/16, 12 layers, 768 dim, 12 heads,
DeiT pretrained, AdamW Ir=1e-4 .............. 1.2 s/study
inference

2a. A3 U-Net: 4 encoder/decoder levels, 32-512
channels, skip connections, Dice+CE loss ..............
0.8 s/study inference

2b. A4 ConvLSTM: 3 ConvLSTM layers (64, 128, 256
channels), 30-frame input, BCE loss .............. 1.8
s/study inference

3a. A5 Fusion: Modality-specific encoders + 4-layer
cross-attention (8 heads, 512 dim) .............. 3.4
s/study (multi-input)

3b. All models: 5-fold cross-validation on training
sites, early stopping on site D validation ..............
Mixed precision (FP16) training

Part II -- CAPS Scoring Rubric

4a. Accuracy: Task-specific metric (AUC, Dice, or
1-MAE/10) averaged across applicable tasks ..............
Normalised to [0,1]

4b. Generalisability: 1.0 - (|external - validation| /
validation metric) .............. Higher = more robust

5a. Speed: 1.0 - log1l0(seconds) / 2, capped at [0,1]
.............. 0.1s=1.0;100s=0.0

5b. Explainability: Clinician-rated interpretability (3
cardiologists, 100 cases, 0-1 scale) .............. Averaged
across raters

6a. Integration: DICOM compatibility + PACS
integration + structured report generation ..............
Binary checklist, fraction passed

6b. CAPS = 0.25*Accuracy + 0.25*Generalisability +
0.15*Speed + 0.20*Explainability + 0.15*Integration
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