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 A B S T R A C T

Background and Objective: Cardiovascular diseases (CVDs) remain the leading cause of mortality worldwide, 
accounting for approximately 20.5 million deaths annually, nearly one-third of all global deaths. Despite 
its central role in cardiology, echocardiographic assessment remains subject to significant inter- and intra-
observer variability, particularly based on manual frame selection and segmentation. This limitation has driven 
increasing interest in Deep Learning (DL) solutions capable of enabling more objective, reproducible, and 
efficient analyses.
Methods: This paper introduces CardioSmartAssist, a deep learning framework for automatic left ventricular 
segmentation and multi-cycle ejection fraction estimation relying solely on echocardiographic videos. The 
system integrates frame-by-frame segmentation visualisation, anomaly detection, and volume tracking to 
enhance clinical usability. Moreover, a key feature is its continuous learning mechanism, which allows 
clinician-corrected segmentations to be stored and used for progressive model refinement.
Results: The framework is based on a MultiResUNet architecture, trained on public (EchoNet-Dynamic) and 
proprietary (CardioSmartSet) datasets, achieving Dice Coefficient Scores of 0.9328 and 0.9189, respectively. 
On the held-out test set, the EF estimated by the system showed a mean absolute difference of 10% compared 
with clinically reported EF values, which is lower than the typical inter-operator variability of approximately 
13%.
Conclusion: CardioSmartAssist resulted to be a promising tool for consistent cardiac evaluations, improving 
access to diagnostics, and enhancing clinical decision-making through smart assistance.
1. Introduction

Cardiovascular diseases (CVDs) are the leading cause of morbidity 
and mortality worldwide, with an estimated 4.2 million deaths in 
Europe, accounting for 42.5% of all deaths [1]. For this reason, accurate 
evaluation of cardiac function is essential for diagnosing cardiovascu-
lar diseases, screening for cardiotoxicity, and determining appropriate 
therapeutic interventions for critically ill patients [2].

Among the available imaging modalities, echocardiography is the 
most commonly employed technique in clinical practice due to its 
portability, cost-effectiveness, and real-time imaging capabilities [3]. 
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This modality utilises ultrasound technology to capture dynamic spa-
tiotemporal sequences of the heart and surrounding structures, making 
it an indispensable tool in cardiovascular medicine [4]. Furthermore, 
echocardiography is particularly valued for its rapid data acquisition, 
non-invasive nature, and absence of ionising radiation [2]. A crit-
ical aspect of echocardiographic assessment is the interpretation of 
left ventricular ejection fraction (LVEF), which serves as a funda-
mental indicator of cardiac function [3]. LVEF is calculated as the 
ratio of the change in left ventricular end-systolic and end-diastolic 
volumes and holds a fundamental position in determining eligibility for 
life-prolonging treatments [2].
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LVEF has emerged as a key prognostic marker in conditions such 
as myocardial infarction, heart failure, and valvular disease [5]. Cur-
rent clinical guidelines incorporate LVEF thresholds to inform critical 
decisions, such as recommending valve replacement for severe valvular 
heart disease or implanting cardioverter-defibrillators (ICDs) in patients 
with heart failure and an ejection fraction of 35% or less, where ICDs 
have been shown to improve survival when combined with optimal 
medical therapy [6].

Despite its clinical significance, the manual assessment of echocar-
diograms is highly dependent on operator expertise and is susceptible 
to significant inter- and intra-observer variability. Manual ventricular 
size tracking is labour-intensive and prone to errors and inconsis-
tencies, particularly in the presence of irregular heart rhythms [3]. 
Moreover, although guidelines from the European Association of Car-
diovascular Imaging and the American Society of Echocardiography 
recommend averaging multiple cardiac cycles to mitigate variability, 
many assessments rely on single-cycle tracings or visual estimates, 
leading to inter-observer variability of 7.6% to 13.9% [2]. Additionally, 
echocardiographic quality can be compromised by factors such as weak 
acoustic windows and suboptimal measurement techniques [7].

In the intensive care unit, visual estimation of cardiac function from 
echocardiographic images may be essential due to time constraints, 
and the COVID-19 pandemic has highlighted the need for solutions 
that require non-specialist physicians to perform echocardiographic 
assessments in infection control environments [7].

To address these challenges, efforts have been made to standardise 
LVEF measurements by integrating Artificial Intelligence (AI)-based 
solutions [7]. Recent advancements in AI and Deep Learning (DL) have 
demonstrated significant potential in overcoming the limitations of 
human interpretation [8], enabling accurate beat-to-beat quantification 
without the need for manual segmentation [2], enhancing the assess-
ment of various cardiac conditions, including valvular heart disease and 
ischaemic heart disease [9].

CardioSmartAssist has been designed to address these gaps by in-
troducing an integrated pipeline that mitigates operator variability, 
enables physiologically consistent multi-cycle analysis, and enhances 
robustness across acquisition domains.

The intended clinical use case of CardioSmartAssist is to support 
routine echocardiographic quantification of left ventricular function 
and point-of-care cardiac assessment in settings where rapid and re-
producible measurements are required. In particular, the system is 
designed to assist clinicians in estimating left ventricular volumes 
and ejection fraction during routine outpatient examinations, emer-
gency department evaluations, and point-of-care ultrasound assess-
ments performed by non-expert operators. These scenarios may include 
emergency triage situations with high patient inflow or domiciliary 
assessments where rapid cardiac function estimation is required but 
access to expert echocardiographers may be limited.

The primary clinical decision points supported by this workflow 
include the identification of clinically relevant ejection fraction thresh-
olds used in current guidelines, such as the detection of left ventricular 
systolic dysfunction (LVEF < 40%) and severe dysfunction (LVEF ≤
35%), which may guide therapeutic decisions including pharmacolog-
ical therapy optimisation or eligibility for implantable cardioverter-
defibrillators.

A significant part of this work is the patient-centred mapping of the 
entire workflow, designed to fit separate DL tasks into the collaborative 
framework of clinical care. The framework uses the Unified Modelling 
Language (UML) to ensure that experts review algorithmic outputs, 
such as segmentation masks, before they are added to the medical 
record. The framework also puts the diagnosis in the context of the per-
son’s physiology by using patient-specific biometrics to normalise Body 
Surface Area (BSA). This architecture enables an expert-in-the-loop 
system, in which manual refinements can quickly correct anatomical 
errors and are systematically recorded to retrain the model using a 
continuous learning methodology.
2 
To identify the most suitable methodology for the task, the study 
compares three DL architectures for image semantic segmentation: Mul-
tiResUNet, You Only Look Once (YOLO), and Segment Anything Model 
(SAM) in terms of segmentation performance and clinical applicability.

Each DL model has been fine-tuned on real-world clinical data, 
ensuring its performance aligns with current clinical practice standards 
at high resolution. The selected model achieved satisfactory results on 
a proprietary dataset comprising only 27 patients, of whom 5 had con-
firmed altered cardiac conditions. These results provide initial evidence 
that the approach can operate effectively even in data-constrained 
scenarios.

This paper is structured as follows. The Methods section details 
the acquisition and preprocessing of the dataset, followed by a brief 
discussion of DL-based segmentation approaches, the computation of 
the Ejection Fraction (EF) methodology, and the design of the pro-
posed solution using UML and the development of the Graphical User 
Interface (GUI). The Results and Discussion section evaluates system 
performance, including comparative analyses of segmentation accu-
racy, ejection fraction calculations, and assessments of end-systolic and 
end-diastolic volumes. Finally, the Limits and Further Development and 
Conclusion sections summarise the main findings and outline potential 
future improvements and research directions.

2. Related works

This section reviews the main research directions that form the 
methodological foundation of CardioSmartAssist. It first discusses deep 
learning approaches for automated left ventricular segmentation, fol-
lowed by advances in video-based models for direct and multi-cycle 
estimation of ejection fraction. The discussion then broadens to include 
end-to-end architectures in medical imaging and the development of 
AI-assisted clinical workflows, with particular emphasis on physician-
centred decision support through expert-in-the-loop paradigms. Over-
all, the literature indicates that many existing solutions address isolated 
computational tasks, often lacking seamless integration into real clini-
cal workflows. This analysis highlights the translational gap between 
algorithmic performance and practical deployment, positioning Car-
dioSmartAssist as a holistic framework designed for clinical integration 
and continuous learning.

The accurate segmentation of the left ventricle represents a foun-
dational step in the automated analysis of echocardiographic images, 
enabling the extraction of key cardiac measurements such as ven-
tricular volumes and ejection fraction [10–12]. To overcome the in-
herent inter- and intra-observer variability associated with manual 
boundary tracing, the field has increasingly adopted deep learning 
approaches, predominantly leveraging Convolutional Neural Networks 
and encoder–decoder architectures [11]. In particular, U-Net and its 
variants have emerged as the cornerstone for cardiac chamber delin-
eation, demonstrating strong performance in accurately segmenting 
the LV endocardium and epicardium across various standard apical 
views [11]). These robust segmentation models have been successfully 
integrated as core modules within broader automated pipelines. The 
extracted spatial features directly support downstream clinical tasks 
such as automated volume quantification, longitudinal strain calcula-
tion, and disease detection [10,12]. Recent trends have further refined 
these capabilities by incorporating multi-stage attention mechanisms 
to precisely localise the LV and reduce geometric outliers, as well as 
employing frame-level weak supervision and spatiotemporal convolu-
tions to track ventricular boundaries continuously across the entire 
cardiac cycle [2]. Despite these significant methodological advance-
ments, many existing approaches still treat ventricular segmentation as 
an isolated task rather than a component of a cohesive clinical tool.

Building upon advancements in chamber segmentation, the auto-
mated estimation of left ventricular ejection fraction has undergone 
a significant evolution, evolving from static frame-based calculations 
to dynamic video-based analysis [2,13]. Early computational methods 
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typically required the manual or semi-automated isolation of repre-
sentative end-systolic and end-diastolic frames, a process that inher-
ently neglects the rich temporal information and dynamic motion 
embedded across the full cardiac cycle [2,13]. More recently, research 
has moved toward continuous video processing using spatiotempo-
ral convolutions and transformer-based architectures. These models 
can analyse echocardiographic sequences of arbitrary length [2,13]. 
Propelled by the introduction of large-scale, thoroughly annotated 
echocardiography datasets, these video-based deep learning models can 
aggregate functional data across multiple beats, thereby mitigating the 
impact of irregular heart rhythms and isolated acquisition artefacts [2]. 
In parallel, several researchers have successfully developed volume-
independent, direct regression models that estimate EF by mimicking 
the holistic visual assessment of an expert clinician, completely bypass-
ing the need for explicit endocardial border tracing [14]. While these 
direct EF estimation systems achieve impressive accuracy and reduce 
processing time, they frequently operate as black-box prediction models 
that output a single functional metric without providing interpretable, 
intermediate anatomical boundaries. Treating EF estimation as an iso-
lated computational task, decoupled from the collaborative clinical 
workflow, ultimately hinders physician oversight, anomaly detection, 
and clinical trust.

The paradigm of medical image analysis is increasingly shifting 
toward end-to-end deep learning systems that unify complex feature ex-
traction and diagnostic prediction into a single, cohesive pipeline [15]. 
Recent advancements illustrate the efficacy of data-driven fusion frame-
works, which dynamically integrate multi-scale image resolutions and 
hierarchical feature representations to capture intricate anatomical 
patterns without relying on hand-crafted heuristics [15]. By employ-
ing specialised multi-route architectures and integrated feature fusion 
strategies, these end-to-end models demonstrate significant robustness 
to real-world imaging variability, seamlessly managing inherent clinical 
artefacts, illumination changes, and differing acquisition protocols with 
minimal requisite preprocessing [15,16]. Furthermore, the strategic im-
plementation of advanced regularisation techniques and comprehensive 
structural designs enables these networks to generalise effectively, even 
when confronted with highly heterogeneous imaging, skewed class 
distributions, or limited dataset sizes.

Beyond isolated computational tasks, the successful clinical trans-
lation of artificial intelligence in echocardiography and medical imag-
ing necessitates the development of comprehensive, physician-guided 
workflows. To streamline the diagnostic process directly from the point 
of care, recent innovations have introduced real-time, deep learning-
based guidance systems that assist operators in acquiring diagnosti-
cally acceptable images through active, prescriptive probe manipula-
tion cues [17]. Once the imaging data is acquired, integrated pipelines 
can automatically classify standard views, segment relevant anatomical 
structures, and extract critical functional parameters, functioning as 
real-time decision-support tools that reduce operator workload and mit-
igate subjective diagnostic variability [10,18]. The clinical viability of 
these automated systems has been increasingly validated in real-world 
settings, including randomised trials demonstrating that AI-assisted pre-
liminary assessments improve diagnostic consistency and significantly 
reduce the time required for subsequent expert interpretation [18]. 
However, practical clinical deployment requires addressing significant 
ongoing challenges, such as ensuring seamless interoperability with 
existing electronic health records, preventing algorithmic bias, and 
maintaining robust performance across highly different clinical datasets 
equipment and patient populations [18,19].

While previous studies have demonstrated substantial progress in 
isolated tasks, such as automated left ventricular segmentation or direct 
ejection fraction estimation, they frequently lack the cohesive integra-
tion necessary for real-world clinical deployment. To bridge this trans-
lational gap, CardioSmartAssist is proposed as a deployment-oriented 
framework that unifies automated segmentation and a physiologically 
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consistent multi-cycle EF aggregation strategy directly from echocar-
diographic videos within an interactive clinical workflow. To ensure 
clinical trust and diagnostic safety, the system incorporates a structured 
expert-in-the-loop mechanism that keeps physicians actively involved 
in the evaluation process. Clinicians can seamlessly review, validate, 
and manually correct the AI-generated anatomical masks, establishing 
an expert correction loop within the diagnostic workflow before results 
are incorporated into the medical record. These manual refinements are 
systematically captured, versioned, and incorporated into a continuous 
learning pipeline. This ongoing feedback loop facilitates progressive 
model refinement and dataset expansion, allowing the system to adapt 
dynamically to the high-resolution, pathological heterogeneity encoun-
tered in diverse clinical environments. By intertwining robust deep 
learning with clinician-guided refinement, CardioSmartAssist transi-
tions AI from a static computational benchmark to an adaptable clinical 
decision-support system, ultimately enhancing diagnostic precision and 
reducing inter-operator variability while strictly maintaining physician 
oversight.

3. Methods

This section details the materials and methods employed in de-
veloping the proposed framework, which is structured to reflect the 
key phases of the study. The methodology pipeline is presented, as 
illustrated in Fig.  1, mirroring the sequential steps undertaken in the 
workflow: (1) dataset acquisition and preprocessing, (2) the DL model 
architecture used for LV segmentation, (3) the technique for selecting 
end-systolic and end-diastolic frames, (4) the approach for ventricular 
volume assessment, and (5) the design and implementation of the 
application, including its underlying system architecture (modelled 
through UML diagrams) and the GUI.

The computational resources and software environment are de-
scribed in Section 2 of the Supplementary Material.

3.1. Data acquisition and preprocessing

Two datasets were utilised in this study: the publicly available
EchoNet-Dynamic dataset [20] for training the DL model and a custom 
proprietary dataset, referred to by the authors as the CardioSmartSet 
dataset, to fine-tune the previously trained DL model. This dataset was 
collected from clinical sources with informed consent, including private 
studies and clinics, and has been anonymised by authorised personnel 
with access to the data.
Ethics and governance. The EchoNet-Dynamic dataset used in this study 
is publicly available [20]; thus, no additional approval was required for 
its use.

Data included in the CardioSmartSet dataset were retrospectively 
collected during routine clinical examinations and fully anonymised 
prior to being provided to the research team. The study was conducted 
in accordance with the principles of the Declaration of Helsinki. No 
identifiable patient information was accessible to the authors at any 
stage of the study.

3.1.1. EchoNet-dynamic dataset
The EchoNet-Dynamic dataset is a benchmark for echocardiographic 

analysis, comprising 10030 echocardiographic video sequences ac-
quired using apical four-chamber 2D echocardiography. Videos were 
recorded at an average of 51 frames per second with a resolution of 
112 × 112 pixels. Each video incorporates expert-annotated ground 
truth data, including LV boundaries, systolic and diastolic frames, 
and EF values calculated using certified medical equipment. The stan-
dardised process of segmenting significant frames using a certified 
echograph will be called ‘‘manual segmentation’’ in this paper. The 
dataset was sourced from the EchoNet website [20], and the split 
into training, validation, and test sets followed the original division 
provided by the EchoNet-Dynamic dataset.
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Fig. 1. Methodology pipeline. Illustrative examples (left column) corresponding to the stages of the end-to-end pipeline starting from the top: original A4C frame, 
LV segmentation mask overlaid on the frame, area-frame curve with ED/ES peak detection, geometric Area-Length model, prototype GUI of CardioSmartAssist.
In addition to the version of the EchoNet-Dynamic dataset dis-
tributed from the official website [20], a version of the EchoNet dataset 
used in this study, where appropriate, is available on Kaggle [21]. 
This includes a version in which the systolic and diastolic keyframes, 
along with their corresponding binary masks, have been extracted. The 
dataset is organised into three main directories: training, validation, 
and test, with each directory containing subdirectories for images and 
masks.

3.1.2. CardioSmartSet dataset
Data and echograph details. The CardioSmartSet dataset comprises 
27 four-chamber 2D echocardiographic videos obtained from clinical 
sources, recorded with the ultrasound scanners GE Vivid E95 and 
Philips Affiniti 30 under standardised acquisition conditions, and split 
into clips of 3 cardiac cycles. The dataset for each patient includes the 
original video in AVI format, recorded at 1016 × 708 pixels, and the 
corresponding frames in JPG format for end-systole and end-diastole. 
It also contains expert segmentation annotations for these frames, 
provided in JPEG format and later converted to a PNG binary mask to 
meet project requirements, as well as a list of clinical parameters, such 
as apical height, left ventricular volume, and ejection fraction. The data 
were fully anonymised to ensure compliance with privacy regulations.

The patient characteristics of the dataset are reported in Section 1 
of the Supplementary Material and summarised in Table  1.
Frame identification and segmentation. A team of four medical profes-
sionals, hereafter referred to as the focus group, reviewed the same 
videos and identified the frames corresponding to end-systole and end-
diastole for each analysed video cycle. Once a unanimous consensus 
on frame selection was reached, the frames were integrated into the 
dataset. In cases of differing opinions on frame identification, if the 
discrepancy was confined to a few frames (±3), the frame selected 
by the majority of the group (over 75%) was adopted and incorpo-
rated into the dataset. In instances of substantial disagreement during 
4 
segmentation, a supplementary review was conducted, involving dis-
cussions among senior experts to guarantee precise frame selection. 
Half of the focus group carried out the segmentations, while the other 
half validated them.
Data preprocessing. Preprocessing involved specific transformations to 
optimise data for model training. Original video frames were cropped 
from 1016 × 708 pixels to a square 708 × 708-pixel format, centring 
the LV while preserving essential echocardiographic features.

To ensure architectural consistency between pretraining and fine-
tuning, all images were subsequently down-scaled to match the spatial 
resolution used for training on the EchoNet-Dynamic dataset. EchoNet-
Dynamic videos are natively provided at 112 × 112 pixels, and the 
initial MultiResUNet model was pretrained at this resolution. CardioS-
martSet frames were therefore resized to 112 × 112 pixels before both 
training and inference, while EchoNet-Dynamic data were used at their 
native resolution.

This resizing step allowed the model to leverage the feature repre-
sentations learned from the large-scale public dataset during transfer 
learning. Previous studies have shown that aggressive downsampling 
of echocardiographic images can substantially reduce computational 
burden while preserving the macroscopic anatomical features required 
for automated analysis [4]. In particular, reducing image resolution 
can decrease file size and computational cost by up to 96%–99% with-
out significantly degrading diagnostic accuracy in echocardiographic 
interpretation [4].
Patient dataset composition. The patient sample, retrospectively col-
lected, consists of 22 healthy individuals and 5 patients diagnosed 
with specific cardiac conditions: 1 with amyloidosis, 2 with ischaemic 
heart disease-related heart failure, and 2 with hypertension. The part 
of the dataset containing healthy subjects includes 9 male and 13 
female patients, with an average age of 30 years (±4.63 years standard 
deviation). The other part of the dataset, containing 5 male patients 
diagnosed with specific cardiac conditions, has an average age of 
75 years (±2.1 standard deviations).
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Table 1
Patient demographic summary of the CardioSmartSet dataset.
 Group N◦ Patients Sex (M/F) Mean Age (years) ± SD Status  
 Healthy subjects 22 9/13 30 ± 4.63 Healthy  
 Pathological subjects 5 5/0 75 ± 2.1 Specific cardiac conditions 
Dataset split for fine-tuning purpose. The CardioSmartSet dataset com-
prised 54 images and their corresponding segmentation masks (systole 
and diastole available for each patient video). It was divided into 
training, validation, and test sets comprising 63%, 15%, and 22% 
images, respectively, derived from the conventional 70–15–15 split and 
subsequently adjusted to obtain a test set of sufficient size given the 
limited dataset.

To prevent the model from learning patient-specific features, all 
images from a given patient were kept together in the same split.

3.2. Deep learning-based segmentation

The MultiResUNet architecture was selected due to its effectiveness 
in addressing issues like anatomical scale variability, speckle noise, 
and precise boundary delineation for volumetric quantification [3,
11,22,22–24]. This architecture directly meets these needs through 
three design features: multi-scale feature extraction, skip connections, 
and improved sensitivity to low-contrast boundaries. Echocardiogra-
phy is characterised by significant variability of regions of interest 
(e.g., dilated vs. hypertrophic ventricles) [11,23]. In contrast to U-Net 
architectures, which typically rely on fixed kernel sizes that limit their 
ability to contextualise features of varying sizes, the MultiRes blocks 
utilised in MultiResUNet approximate 5 × 5 and 7 × 7 convolutions 
using sequences of 3 × 3 filters [22]. This multi-resolution analysis en-
ables the model to reconcile global spatial features (ventricular shape) 
with local details, making it more robust to perturbations and artefacts 
compared to standard architectures [22]. In standard encoder–decoder 
networks, a semantic gap exists between the low-level, high-resolution 
features from the encoder and the high-level semantic features in the 
decoder [22]. Direct concatenation of these incompatible features can 
impede learning, whereas MultiResUNet employs Residual Paths, which 
introduce non-linear convolutional layers within the skip connections. 
This architectural choice mitigates vanishing gradient issues and sta-
bilises training, ensuring consistent performance across heterogeneous 
clinical data maps [22]. It also keeps the model geometrically stable 
frame by frame and allows us to compute a representative EF averaged 
over multiple cardiac cycles without introducing excessive noise from 
segmentation [11].

3.2.1. Problem formulation
The semantic segmentation task is a pixel-wise classification prob-

lem where each pixel is assigned a class label indicating its category. 
The input is an image, and the output is a segmentation mask of the 
exact spatial dimensions.

This study employs the Dice loss derived from the DSC. The Dice 
Loss is used in image segmentation tasks to measure agreement be-
tween the predicted segmentation and the ground-truth annotations.

The loss function is defined as:

𝐿Dice = 1 −
2
∑

𝑖 𝑦̂𝑖𝑦𝑖
∑

𝑖 𝑦̂𝑖 +
∑

𝑖 𝑦𝑖
where:

• 𝑦̂𝑖 represents the predicted segmentation value for pixel 𝑖, ex-
pressed either as a probability between 0 and 1 or as a binary 
classification.

• 𝑦𝑖 is the corresponding ground truth value for pixel 𝑖.
• The numerator accounts for the correctly predicted foreground 
pixels, enhancing the overlap between predictions and annota-
tions.
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• The denominator normalises the loss by considering the total 
number of predicted and actual foreground pixels, ensuring scale 
invariance.

• The summation runs over all pixels in the image.
By maximising the overlap between predicted and actual segmen-

tations, Dice Loss balances precision and recall, making it particularly 
suitable for handling class imbalance in segmentation tasks.

3.2.2. Training hyperparameters
A systematic exploration of critical training hyperparameters of the 

MultiResUNet architecture was performed on the EchoNet-Dynamic 
dataset to determine the optimal configuration for semantic segmenta-
tion. The final training was extended to 30 epochs, with early stopping 
configured to terminate after 5 epochs to mitigate overfitting; batch 
sizes for training and validation were four; optimisation employed the 
Adam algorithm with Dice Loss as the loss function.

3.2.3. Finetuning hyperparameters
During fine-tuning, the MultiResUNet model pretrained on EchoNet-

Dynamic was trained with a batch size of 8 for up to 60 epochs, 
using early stopping with a patience of 5 epochs. The optimisation was 
performed using the AdamW optimiser with a weight decay of 5× 10−4
and a base learning rate of 5 × 10−5.

A OneCycleLR learning rate schedule was adopted with the follow-
ing parameters: max_lr = 2 × 10−4, div_factor = 25, final_div_factor =
10 000, and pct_start = 0.2. This configuration results in an initial 
learning rate of 8 × 10−6, which increases to a peak of 2 × 10−4 during 
the first 20% of the training iterations and then gradually decreases to 
a final value of 2 × 10−8 over the remaining iterations.

3.2.4. Evaluation metrics
To evaluate segmentation performance objectively, two standard 

metrics were used: the DSC, which measures accuracy by assessing 
overlap between predicted segmentation masks and ground-truth anno-
tations, and the Intersection over Union (IoU), which quantifies spatial 
agreement by computing the ratio of their intersection to their union.

The DSC is defined as: 
𝐷𝑆𝐶 =

2|𝑋 ∩ 𝑌 |
|𝑋| + |𝑌 |

(1)

where 𝑋 represents the set of pixels in the predicted segmentation 
mask and 𝑌  represents the set of pixels in the ground truth mask. A 
higher DSC value, closer to 1, indicates greater overlap between the 
two masks.

Similarly, the IoU is computed as: 

𝐼𝑜𝑈 =
|𝑋 ∩ 𝑌 |
|𝑋 ∪ 𝑌 |

(2)

where |𝑋 ∩ 𝑌 | denotes the number of pixels in the intersection of the 
predicted and ground truth masks and |𝑋 ∪ 𝑌 | represents the total 
number of pixels in their union. IoU measures the spatial overlap 
between the segmentation outputs and the reference standard.

DSC and IoU metrics were computed at the frame level by com-
paring the predicted segmentation masks generated by the model with 
the corresponding ground-truth annotations. For the EchoNet-Dynamic 
dataset, ground-truth masks were obtained from the official dataset 
annotations [20], whereas for the proprietary CardioSmartSet dataset 
they were provided but the focus group involved in the study. The 
reported DSC and IoU values correspond to the mean performance 
across all frames in the respective test datasets.

These metrics collectively assess the model’s ability to accurately 
delineate left ventricular structures while ensuring spatial consistency 
across the entire echocardiographic sequence.
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3.2.5. Comparison and rationale for the selected architecture
A comparative analysis was conducted across three models: Mul-

tiResUNet [22], YOLO v11, a cutting-edge model released in September 
2024, and SAM 2, a self-supervised segmentation framework intro-
duced by Meta in July 2024.

Each of these models underwent a two-stage training process: they 
were pre-trained on the publicly available EchoNet-Dynamic dataset, 
leveraging its large-scale echocardiographic data to establish robust 
feature extraction capabilities; then they were fine-tuned on our pro-
prietary clinical dataset.

YOLO v11 was adapted for real-time segmentation of left ventricular 
boundaries and selected for its well-known efficiency, a compromise be-
tween speed and precision, which is valuable for fast LV localisation in 
cine-loops [25]. The YOLO model was trained using the SGD optimiser 
with an initial learning rate of 1 × 10−3, decayed according to a cosine 
annealing schedule. The model was trained for 50 epochs using a batch 
size of 16 images, a standard optimisation parameter unrelated to the 
number of subjects in the clinical dataset. The loss function used was 
the standard YOLO multi-task loss, combining IoU-based localisation, 
objectness confidence, and classification error terms.

The SAM v2 model was incorporated for its self-supervised learning 
capabilities and as a modern foundation-model baseline, enabling test-
ing of a general-purpose segmentation model on ultrasound data [26]. 
The AdamW optimiser was used to train the model, with an initial 
learning rate of 1 × 10−4 and a cosine annealing schedule. Using a Dice 
loss function, 8 batches were used over 30 epochs.

3.2.6. Continuous learning mechanism
CardioSmartAssist implements an expert-in-the-loop continuous

learning strategy that progressively enhances the segmentation model 
using clinician-validated feedback. When a clinician reviews and cor-
rects a segmentation, the revised mask and the corresponding
pseudonymised frame are stored in an encrypted local directory. At 
each application start, the software verifies the number of accumulated 
validated frames. The system monitors this number and triggers the 
export process once a predefined threshold is reached. This threshold 
is configurable and is currently set to fifty frames for the initial 
deployment. When the threshold is met, the software automatically 
assembles an encrypted export package containing only anonymised 
images, corrected masks, and non-sensitive metadata. The package is 
then transferred using encryption mechanisms that ensure restricted 
access and comply with established data protection principles. Upon re-
ceipt, authorised members of the research team integrate the validated 
samples into a retraining buffer. The model is subsequently fine-tuned 
offline on this expanded dataset, avoiding any on-device updates and 
preserving reproducibility and stability. After internal validation, the 
updated model is incorporated into the next software release and 
redistributed to users as part of the standard versioned update cycle. 
This iterative feedback mechanism enhances the system’s adaptability, 
enabling it to learn and improve progressively. A schematic overview 
of this iterative expert-in-the-loop process is provided in Fig.  2.

3.3. Frame selection for ejection fraction calculation

The algorithm automates the analysis of a sequence of segmented LV 
images, enabling the identification of key cardiac cycle phases (systole 
and diastole) by tracking variations in ventricular area over time.

After the segmentation model completes the inference pass over all 
frames of an echocardiographic video, the resulting binary masks are 
saved in a dedicated directory. Each mask encodes the left ventricu-
lar cavity as foreground pixels with intensity 255 (white), while the 
background is assigned a value of 0 (black). This organised collection 
of masks constitutes the sole input to the subsequent EF computation 
pipeline. The algorithm sequentially processes these masks in frame 
order, extracts the frame index, loads each image in greyscale, and 
computes the ventricular area as the total number of foreground pixels. 
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From this sequence of areas, an area–frame curve is constructed and 
used to identify systolic and diastolic phases. The same masks are then 
used to extract anatomical landmarks (apex and mitral-valve midpoint), 
measure ventricular length, and estimate left-ventricular volume using 
the area–length method. In this way, the full EF estimation relies solely 
on the segmentation outputs from a single cardiac acquisition.

To detect cardiac cycle phases, the algorithm identifies local max-
ima in the ventricular area curve as end-diastolic phases and local 
minima as end-systolic phases, using peak prominence thresholds to 
select only significant extrema. Cardiac cycles are defined by desig-
nating Cycle 0 at the initial detected diastolic peak, with subsequent 
cycles marked between consecutive diastolic phases. This approach 
aligns with medical experts and adheres to established guidelines, 
ensuring that the identified diastoles and systoles within each cycle 
are accurately categorised and that clinical validity is preserved. A 
plot of ventricular area versus frame number is generated to facilitate 
visualisation of the data, as shown in Fig.  3, and another example is 
provided in Section 3.1 of the Supplementary Material.

In particular, the analyze_peaks function implemented reads all 
binary masks in ascending frame order and computes the foreground 
area 𝐴𝑗 for each frame 𝑗. Candidate diastolic maxima and systolic 
minima are detected via find_peaks on 𝐴𝑗 and −𝐴𝑗 , respectively, 
with parameters min_distance = 20 and min_prominence = 5000. Each 
raw peak at index 𝑗 is retained only if
|𝐴𝑗 − 𝐴𝑗−1|

𝐴𝑗−1
≤ 0.3

(to remove outliers), and frame 0 is added as a diastolic maximum 
only if
|𝐴0 − 𝐴max|

𝐴max
≤ 0.1,

where 𝐴max is the mean area of the other valid maxima The results 
are exported to CSV and plotted with red markers for maxima (diastolic 
peaks) and green for minima (systolic troughs), annotating each label 
with a vertical offset of 0.03𝐴𝑗 to improve readability.

To facilitate the transition between frame analysis and volume 
computation, a schematic summary of the workflow is presented in 
Fig.  4, showing how segmentation outputs, area variations, landmark 
detection, and volume calculations contribute to deriving the EF.

3.4. Volume calculation

The ‘‘ Volume Calculation’’ section includes two subsections: the 
first describes the Area-Length method for calculating left ventricular 
volume, and the second discusses how to derive the ejection fraction 
from these volumes.

3.4.1. Volume computation through the area-length method
This section outlines a two-stage process for calculating left ven-

tricular volume, beginning with the identification of key anatomical 
landmarks: the apex and the midpoint of the mitral valve plane. The 
apex and midpoint were determined using a contour-based landmark 
detection approach, which ensures robust and reproducible localisa-
tion.

Morphological operations facilitated contour extraction to define 
the left ventricular boundary, with the apex identified at the maximum 
curvature of the outline and the midpoint established by bisecting 
the long axis of the ventricle, thereby ensuring consistent landmark 
placement.

Further computational details, including intermediate steps and 
algorithmic specifications, are available in Section 3.2 of the Supple-
mentary Material.

The ventricular length 𝐿 is defined clinically as the Euclidean 
distance between the apex of the left ventricular chamber and the 
midpoint of the mitral valve line segment [27,28].
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Fig. 2. Workflow diagram of the expert-in-the-loop continuous learning mechanism implemented in CardioSmartAssist.
Fig. 3. Plot of ventricular area of Patient 3 versus frame number without considering the first frame, since it is not classified as complete diastole.
Fig. 4. Simplified data-flow diagram from segmentation masks to EF computation.
The left ventricular volume (𝑉 ) was estimated using the area-length 
method, an echocardiographic technique that models the left ventricle 
as a prolate ellipsoid (see Fig.  5). This geometric approximation is 
widely employed in medical imaging to enhance volume estimation 
through 2D echocardiography [29].

This method is mathematically expressed as:

𝑉 = 8
⋅
𝐴2
3 𝜋𝐿

7 
where 𝐴 represents the left ventricular cross-sectional area, and 
𝐿 denotes the length of the ventricular long axis [30]. This formu-
lation enables a reliable estimation of ventricular volume from two-
dimensional imaging data.

A systematic comparison of the area–length method and the Simp-
son Method in EchoNet-Dynamics was conducted, using EF values from 
EchoNet-Dynamics as the reference. The LVEF was calculated from 
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Fig. 5. Schematic representation of the LV modelled as a 3D prolate ellipsoid, 
as used in the area-length method for volume computation. The parameter 
𝐿 denotes the ventricular long-axis length measured from the apex to the 
midpoint of the mitral annulus. The quantities 𝐷1 and 𝐷2 represent the 
orthogonal short-axis diameters derived from the segmented cross-sectional 
area.

volumes obtained via the area–length approach. Descriptive statistics, 
including means and standard deviations, characterised central ten-
dency and variability. Error metrics such as the MAE and RMSE were 
computed to evaluate the accuracy, precision, and stability of the 
area–length method in estimating LVEF.

3.4.2. Ejection fraction calculation
The EF was computed based on the estimated EDV and ESV accord-

ing to the following equation:

𝐸𝐹 (%) = 𝐸𝐷𝑉 − 𝐸𝑆𝑉
𝐸𝐷𝑉

× 100

This measure quantifies the fraction of blood ejected from the 
LV during each cardiac cycle, thereby providing clinical insights into 
cardiac systolic function.

3.5. UML modelling and UI development

3.5.1. Structured system design through UML diagrams
To better understand the routine diagnostic workflow and iden-

tify which manual procedures are most time-consuming and prone to 
operator variability, we conducted preliminary consultations with car-
diologists before defining the system architecture. The acquisition and 
interpretation of echocardiograms were the main topics of discussion, 
with a focus on the manual estimation of the left ventricular ejection 
fraction. The clinical team also provided thorough explanations of the 
time-consuming steps required to complete an examination, and we 
observed several processes to ensure the pipeline accurately reflected 
clinical practice. The design of the multi-cycle EF computation module, 
the selection of segmentation targets, and the ranking of UI features 
were all influenced by the insights gained from these consultations.

Building on the clinical requirements identified through these con-
sultations, the system was subsequently formalised using UML dia-
grams, which served as standardised tools to clearly and unambigu-
ously represent its structural and behavioural components.

The application of UML enhanced communication between engi-
neers and clinicians, resulting in an accurate conversion of clinical 
requirements into technical specifications.

Following a collaborative validation phase, the diagrams that served 
as the foundation for application development were: Use Case Diagram, 
Use Case Descriptions, a Sequence Diagram, and Activity Diagram. 
Partial representations are included in Section 3.3 of the Supplementary 
Material to enhance readability, while full-resolution versions of the 
diagrams are available upon request.

The Use Case Diagram captures interactions between the system and 
external users, specifically cardiologists and sonographers, outlining 
their roles and permissions.
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The Use Case Descriptions diagram provides detailed breakdowns 
of each use case, including action sequences, involved actors, and 
expected outcomes, helping developers understand system behaviour 
and user interactions.

The Sequence Diagram focuses on the dynamic interactions among 
system components, details the sequence of messages during opera-
tions, and maps the logical flow, aiding in identifying potential bot-
tlenecks and enhancing clinical workflows essential for precise medical 
applications.

The Activity Diagram visualises system workflows by categorising 
tasks into swim lanes to clarify the roles of various actors and empha-
sise decision points, such as cardiologists’ segmentation modifications, 
and includes verification steps prior to data storage to ensure accuracy.

Overall, the diagrams together enhance workflow traceability and 
system efficiency.

3.5.2. The design of graphical user interfaces
The aforementioned design activities resulted in an intuitive graph-

ical interface that clinical professionals can utilise with ease. A user-
centred design approach seeks to enhance diagnostic precision and 
efficiency while aligning with clinical workflows.

The interface prototyping utilised PyQt and Qt Designer to create 
an interactive system that met clinical requirements through iterative 
review by medical professionals. Users can log in to upload echocardio-
graphic videos, enter patient information, and analyse cardiac cycles.

The primary EF dashboard, reported in Fig.  6, displays calculated 
EF values and clinical conditions, providing direct access to regu-
latory standards and frame-by-frame analysis of the cardiac cycle. 
Visualisations of left ventricular area over time help users determine 
the cardiac cycle phase and examine systolic and diastolic frames, as 
represented in Section 3.3 of the Supplementary Material. Clinicians 
can perform manual re-segmentation to enhance accuracy, similar to 
that achieved with conventional echocardiographic devices. The instru-
ment allows exclusion of cycles affected by ventricular extrasystole for 
recalibrated ejection fraction calculations. A pixel-to-millimetre cali-
bration ensures accuracy in ventricular measurements, while anomaly-
detection capabilities alert physicians to values outside the standard 
range, accompanied by text descriptions.

4. Results and discussion

This section thoroughly evaluates the proposed solution, focusing on 
the performance of the DL module, the accuracy of the segmentation 
methodology, and the clinical reliability and impact of the results.

4.1. Benchmarking MultiResUNet, YOLO, and SAM

To facilitate a more precise analysis, the following subsections 
address the training process, fine-tuning strategy, and the impact of 
data augmentation on segmentation performance.

4.1.1. Training on EchoNet dataset
Firstly, the performance of the model trained only on the EchoNet-

Dynamic Dataset has been analysed, comparing the DSC and IoU scores 
on the EchoNet-Dynamic test set, which comprises 1998 images. While 
the DSC and Io scores of SAM v2 and YOLO v11 are not signifi-
cantly lower than those of MultiResUNet in clinical settings, as demon-
strated in Table  2, discussions with cardiologists suggest that the more 
anatomically plausible segmentations should be taken into account.

As concerns the MultiResUNet model, the mean DSC reached
0.9328, surpassing the state of the art of 0.92 [2]. The higher DSC 
achieved in our study is mainly attributable to the use of MultiResUNet, 
which differs from the segmentation architecture initially employed 
in EchoNet-Dynamic, a CNN model with residual connections and 
spatiotemporal convolutions [2]. In particular, MultiResUNet enhances 
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Fig. 6. Principal CardioSmartAssist dashboard: Ejection Fraction Dashboard.
Table 2
Performance comparison of different segmentation mod-
els after the training on the EchoNet-Dynamic dataset.
 Model Mean DSC Mean IoU 
 MultiResUNet 0.9328 0.8957  
 YOLO v11 0.9141 0.8432  
 SAM v2 0.9279 0.8658  

the classical U-Net by improving multi-resolution analysis and reduc-
ing the semantic gap between encoder and decoder layers through 
two key architectural components [22]. First, MultiRes Blocks replace 
the standard convolutional layers of the U-Net by integrating spatial 
features across different receptive fields. They use cascaded 3 × 3 
convolutions to efficiently approximate larger 5 × 5 and 7 × 7 kernels, 
enabling more precise segmentation, important for delineating left-
ventricular boundaries [22]. Second, Res Paths replace the original 
skip connections more effectively, better aligning low-level encoder 
features with high-level decoder representations. By adding non-linear 
convolutional layers with residual connections, Res Paths produce more 
homogeneous fused feature maps, improving robustness to perturba-
tions and accelerating convergence [22]. This result indicates a high 
degree of overlap between predicted and ground-truth masks, with an 
IoU of 0.8957, as shown in Table  2. Precision and recall were balanced 
at 0.9612 and 0.9293, respectively, yielding an F1 score of 0.9450. 
These results underscore the method’s robustness and precision, as 
evidenced by an overall accuracy of 99,10% and a low area estimation 
error of 0.0138.

MultiResUNet was selected based on a quantitative performance 
comparison with the YOLO and SAM models, which demonstrated 
superior DSC, as shown in Table  2.

4.1.2. Fine tuning on CardioSmartSet dataset
Beyond numerical metrics, a qualitative assessment of the inference 

results across all frames of the echocardiographic video confirmed that 
MultiResUNet produced the most consistent and anatomically coherent 
segmentations throughout the cardiac cycle. Fig.  7 offers an assessment 
of the segmentation performance of the three models, emphasising their 
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accuracy in delineating the LV structures of an example image test of 
the CardioSmartSet Dataset.

In particular, the main issue with the masks produced by YOLO is 
that, because of its bounding-box-based approach, they tend to generate 
overly straight, sharp edges that do not accurately reflect the LV’s 
natural contours. On the other hand, the segmentations produced by 
SAM tend to exhibit excessively jagged edges, which may compromise 
their clinical reliability.

The combination of robust performance, stability across frames, 
and computational feasibility made the MultiResUNet the most suitable 
choice for integration into the proposed framework and was therefore 
selected as the reference model for all subsequent analyses, while 
preliminary experiments with YOLO and SAM produced segmentation 
outputs that were not sufficiently clinically acceptable for downstream 
EF computation, according to feedback from the cardiologists involved 
in the focus group.

4.1.3. The influence of fine-tuning and data augmentation on MultiResUnet 
performance

In developing the proposed framework, extensive evaluations and 
multiple experimental trials were conducted for each of the three 
DL architectures presented. The study evaluated different loss func-
tions, learning rates, batch sizes, training epochs, augmentation strate-
gies, schedulers, and other hyperparameters to optimise the pretrained 
model on the proprietary CardioSmartSet dataset. These variations 
enabled an analysis of how different configurations affect segmentation 
performance.

This evaluation compared models trained with and without fine-
tuning on the CardioSmartSet dataset and with and without data aug-
mentation. This comparative analysis examined how domain-specific 
clinical data fine-tuning improves segmentation accuracy and how data 
augmentation improves model generalisability.

As concerns data augmentation, rotations, translations, and flips 
were implemented to further test the model’s generalisation capa-
bility [33]. The augmentation techniques were carefully selected in 
agreement with experienced cardiologists to ensure they did not intro-
duce distortions or artefacts that could render the images non-realistic 
or clinically irrelevant [33].
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Fig. 7. Example Inference of MultiResUNet, SAM2 and YOLOv11. The first 
row displays, from left to right, the original frame acquired and saved by the 
cardiologist directly from the ultrasound system, followed by the same frame 
annotated with the left ventricular contour manually drawn by the clinician. 
The second row, labelled Ground Truth, shows the clinician-defined contour 
overlaid as a semi-transparent green mask and the corresponding binary 
segmentation mask. The third, fourth, and fifth rows present the segmentation 
outputs of MultiResUNet, Meta SAM 2, and Ultralytics YOLO 11, respectively. 
In each case, the predicted masks are shown as overlays on the original frame 
(in red, yellow, and blue), alongside their corresponding binary masks. The 
architecture logos were sourced from their respective official repositories or 
documentation [31,32].

Based on the DSC and IoU metrics in Table  2, MultiResUNet was 
ultimately chosen as the most suitable model.

Table  3 demonstrates that thanks to fine-tuning on the high-
resolution CardioSmartSet dataset, the performance of the MultiRe-
sUNet model improves, achieving a DSC of 0.9189 and an IoU of 0.8586 
compared to the DSC of 0.8973 and an IoU of 0.8131 attained by 
the model without fine-tuning when performing inference on the same 
images.

After training on a larger dataset, it is recommended to fine-tune 
on images acquired under the same conditions as the target infer-
ence dataset, because medical ultrasound images may vary widely de-
pending on acquisition conditions, scanner, and patient [34]. Transfer 
learning and domain adaptation are required to improve segmentation 
performance, accurately capture the distinctive visual features of clin-
ical images, and refine features for specific tasks more effectively [34,
35]. The procedure facilitates edge detection, maintains segmentation 
stability while working with real-world data [35], and enhances the 
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model’s accuracy in drawing tighter endocardial outlines and its sta-
bility in the presence of noise, speckle fluctuation, and low-contrast 
boundaries [34].

However, after fine-tuning the CardioSmartSet dataset without data 
augmentation, the model’s performance improved, achieving an aver-
age DSC of 0.9189 and an average IoU of 0.8586. Further fine-tuning 
with data augmentation yielded a similar DSC of 0.918, suggesting 
that while augmentation contributed to better generalisation, it in-
troduced slight variability in segmentation performance, making it 
preferable to adopt the last-described model configuration without data 
augmentation.

Combined analyses support a structured validation of the proposed 
segmentation model. A multi-level validation strategy included geo-
metric, architectural, and clinical evaluations. Geometric segmentation 
accuracy was assessed using DSC and IoU, and ablation experiments 
analysed the contributions of the proposed training pipeline, focusing 
on data augmentation and fine-tuning on the CardioSmartSet clini-
cal dataset. Clinical performance was evaluated by comparing model 
outputs (end-diastolic and end-systolic volumes, ejection fraction) to 
verified clinical measurements, and model error was assessed against 
inter-observer variability.

4.2. Statistical validation on EchoNet-dynamic dataset of the area-length 
method against simpson’s method

A review of the literature led to the selection of the area-length 
method for volume estimation in two-dimensional echocardiography. 
This method uses the mitral valve’s apex and midpoint to estimate vol-
ume, differentiating it from Simpson’s biplane method, which requires 
multiple apical views and disc summation.

The requirement to disclose the results of both methods (area–
length and Simpson’s Biplane) stems from their inherently distinct 
characteristics and their recognition as established clinical standards 
for estimating LV volume. According to the guidelines established by 
the American Society of Echocardiography [36], the biplane Simpson 
method (also known as the method of discs) is considered the most 
accurate approach for determining left ventricular volumes. This is 
because the Simpson Biplane method uses data from two orthogonal 
planes (the apical 4- and 2-chamber views) to correct shape distor-
tions and requires fewer geometric assumptions than other 2D tech-
niques. Nevertheless, the application of alternative two-dimensional 
techniques, such as the area–length method, remains a viable op-
tion referenced in the ASE guidelines, despite the Biplane method 
being the preferred approach [36]. The area–length method differs 
from Simpson’s method in that it relies on geometric assumptions 
about the ventricle that are often derived from a single dimension or 
plane. This may result in anticipated variations in absolute volumetric 
measurements [30].

A comprehensive statistical comparison between the area–length 
method and the Simpson method, used as the reference in EchoNet-
Dynamics, shows that LVEF estimates from the former closely match 
those of the latter, confirming its consistency with the gold-standard 
Simpson’s method. Using the 20060 EchoNet-Dynamics frame val-
ues as ground truth, EF was computed by deriving end-diastolic and 
end-systolic volumes using the area–length approach. The mean EF ob-
tained from EchoNet-Dynamics was 55.71%, whereas the area–length 
method yielded 56.81%, a negligible difference of 1.10%. Variability, 
as measured by the standard deviation, was similarly close (12.34% 
versus 12.90%). Error metrics further corroborate the method’s relia-
bility: the MAE was 2.61%, indicating minimal average deviation from 
the reference, and the RMSE was 3.51 percentage points, suggesting 
only a few larger deviations without substantially undermining overall 
performance.

The mean, standard deviation, MAE, and RMSE indicate that the 
Area-Length method accurately estimates EF with minimal error and 
high stability, suggesting that it may offer advantages in computational 
simplicity and automation.
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Table 3
Performance of the MultiResUNet model before and after fine-tuning on CardioSmartSet dataset and tested on CardioSmartSet 
Test Dataset.
 MultiResUnet Test size DSC IoU Precision Recall F1 Accuracy MAE  
 Pre Fine Tune 12 0.8973 0.8131 0.9264 0.8710 0.8967 0.9869 0.0131 
 Post Fine Tune 12 0.9189 0.8586 0.8982 0.9533 0.9239 0.9900 0.0100 
4.3. Comparison of EF and volumes calculated by CardioSmartAssist vs. 
clinical values

Each video in the CardioSmartSet dataset was analysed by Car-
dioSmartAssist to detect end-diastolic and end-systolic frames, compute 
the segmented areas, convert these to volumes via the area–length 
method, and calculate the corresponding EF. The mean diastolic and 
systolic volumes (𝑉 ED, 𝑉 ES) and EF values produced by the new model 
were then compared against the single-cycle measurements reported by 
expert cardiologists using standard echocardiographic practice.

Beyond segmentation accuracy, the clinical impact of the proposed 
workflow was evaluated through complementary quantitative metrics 
Specifically, the agreement between automated and clinician-derived 
ejection fraction values was assessed, together with the accuracy of 
ventricular volume estimation and the reproducibility of measurements 
across multiple cardiac cycles. The comparison with clinician mea-
surements was quantified using mean absolute error and additional 
distribution statistics, while the multi-cycle aggregation analysis was 
used to evaluate the robustness of the system.

As demonstrated in Supplementary Table S2, the mean absolute 
differences in EF are equivalent to 10%, while the mean discrepancies 
in volume are 28%.

To provide a visual summary of these results, Fig.  8 illustrates the 
agreement between clinician-measured EF and the EF estimated by 
CardioSmartAssist across the study cohort.

While the scatter plot provides a visual indication of the correlation 
between the two measurements, the agreement between the automated 
and clinical EF estimates was further evaluated using a Bland–Altman 
analysis (Fig.  9).

The Bland–Altman plot assesses the agreement between the two 
methods by representing the difference between CardioSmartAssist and 
clinician EF measurements as a function of their mean value. In this 
analysis, the mean difference (bias) between the two methods was 
0.91%, indicating a minimal systematic deviation of the automated 
estimates relative to the clinical reference. The standard deviation of 
the differences was 6.87%, resulting in 95% limits of agreement ranging 
from −12.55%to 14.37% (bias ±1.96 SD).

Most observations fall within these limits, suggesting that the EF es-
timates produced by CardioSmartAssist show good agreement with clin-
ician measurements across the observed EF range. These findings sup-
port the reliability of the automated approach for estimating ventricular 
ejection fraction in comparison with standard clinical assessment.

The observed 10% mean absolute EF difference lies below the 
inter-observer variability among cardiologists reported in the literature, 
equal to 13.9% [2]; cardiologists participating in the focus group 
agreed that the pipeline functions within the range of human variation.

The observed discrepancies in volume assessment can be attributed 
to inherent variability in operator methodology during manual calibra-
tion. The application prompts ‘‘pixel-cm’’ calibration through its screen, 
which contributes to the observed variability. Moreover, the clinical 
significance of absolute volume differences is often context-dependent. 
In routine practice, cardiologists primarily evaluate trends in ventricu-
lar volume over time rather than relying on absolute measurements. 
This perspective aligns with the notion that monitoring a patient’s 
cardiac function over time is more clinically relevant than single-point 
measurements, provided that the methodology remains consistent. Fur-
thermore, discussions with clinicians confirm that absolute volume 
measurements obtained via echocardiography are generally not con-
sidered highly reliable in practice. In cases where precise volumetric 
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assessment is clinically necessary, Cardiac Magnetic Resonance (CMR) 
remains the preferred standard of Ref. [37].

Typically, LVEF ranges from 50% to 70% in healthy individuals, 
with slight gender-specific variations of 52% to 72% in males and 
54% to 74% in females. Values below these thresholds indicate systolic 
dysfunction, which is essential for classifying heart failure. Specifically, 
an LVEF below 40% is indicative of heart failure with reduced ejection 
fraction (HFrEF), an LVEF between 41% and 49% suggests heart failure 
with mildly reduced ejection fraction (HFmrEF), and an EF of 50% 
or higher corresponds to heart failure with preserved ejection fraction 
(HFpEF) [37,38].

As already cited, the variability among operators is up to 13.9% [2]. 
In the CardioSmartSet test cohort of 27 patients, only five cases exhib-
ited an absolute EF discrepancy greater than 15% between CardioSmar-
tAssist and expert cardiologist measurements (Table  4).

Patient 4 represented the only case in which the automated EF 
estimation could potentially lead to misclassification around a clini-
cally relevant threshold. Specifically, the algorithm underestimated EF 
(49.8% vs. 66%, 𝛿EF = 25%), which could have resulted in an incorrect 
classification around the HFmrEF boundary (41%–49%).

Patient 16’s EF was overestimated from 68% to 79.1%, but remained 
within the preserved-function range and thus did not affect clinical 
decision-making. Patients 20, 21, and 22 presented large EF deviations 
but were already clinically classified as high-risk cases and were there-
fore subject to close medical surveillance. Consequently, the observed 
discrepancies did not alter the clinical management pathway.

It can be concluded that the robust nature of the CardioSmartAssist 
automated EF assessment is supported by two factors. Firstly, the 
incidence of substantial discrepancies is minimal. Secondly, the correct 
clinical status of patients who require further investigation is preserved.

A well-known challenge in deploying deep learning models in real-
world medical imaging is the domain shift caused by variations in ul-
trasound equipment vendors, acquisition protocols, and operator tech-
niques [19]. This variability can affect model performance when al-
gorithms trained on one dataset are applied to data acquired under 
different clinical conditions.

Rather than relying solely on static algorithmic generalisation, the 
CardioSmartAssist framework incorporates a human-in-the-loop work-
flow. In cases where domain shift leads to segmentation inaccuracies, 
clinicians can review and correct the generated contours through the 
graphical interface [19,39]. These corrections can then be incorporated 
into the continuous learning pipeline, potentially enabling the model 
to progressively adapt to the data distribution of the deploying clinical 
environment.

4.3.1. Reproducibility and robustness across multiple cardiac cycles
To evaluate the added benefit of multi-cycle analysis, CardioSmar-

tAssist computed EF for every detected cardiac cycle and averaged 
these to provide a multi-cycle EF (EF) along with mean diastolic and 
systolic volumes. These metrics were then compared to the single-cycle 
EF values provided by clinicians reported in Supplementary Table S3. 
While single-cycle estimates (based on one to three cycles) are com-
mon in clinical practice, averaging across all available cycles reduces 
beat-to-beat variability, motion artefacts, and transient physiological 
fluctuations. In this particular instance, the number of cycles was 
constrained by the duration of the input video, which comprised only 
a limited number of cardiac cycles. It is noteworthy, however, that the 
software can operate for a greater number of cycles in accordance with 
current clinical guidelines.
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Fig. 8. Agreement between clinician-measured ejection fraction and CardioSmartAssist EF estimates across the study cohort. Each point represents an individual 
patient. The dotted diagonal line corresponds to the identity line (𝑦 = 𝑥), indicating perfect agreement between clinician and model measurements. Points closer 
to the identity line indicate higher agreement, while deviations highlight cases with larger estimation differences.
Fig. 9. Bland–Altman plot comparing clinician-measured ejection fraction and CardioSmartAssist EF estimates across the study cohort. The 𝑥-axis represents the 
mean EF of the two measurements, while the 𝑦-axis represents their difference. The central dashed line indicates the mean bias, and the upper and lower dashed 
lines represent the 95% limits of agreement (bias ±1.96 SD).
Table 4
Patients with |𝛥EF|>15% in the CardioSmartSet test cohort (𝑁 = 27).
 Patient ID Filename Phase Clin. EF (%) Model EF (%) |𝛥EF| 
 4 p4_d Diastole 66 49.79 25%  
 16 p16_d Diastole 68 79.06 16%  
 20 p20_d Diastole 35 40.33 15%  
 21 p21_d Diastole 36 48.49 35%  
 22 p22_d Diastole 27 44.08 63%  
12 
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Table 5
Summary comparison of EF estimation errors between single-
cycle and multi-cycle aggregation strategies. Metrics are derived 
from the cycle-level analyses reported in the Supplementary 
Material.
 Metric Single-cycle Multi-cycle 
 Mean EF error (%) 1.09 0.92  
 MAE EF (%) 6.26 5.09  
 Median EF error (%) 1.80 1.58  
 SD EF error (%) 8.46 6.87  

By averaging EF values across several cycles, the proposed approach 
mitigates inconsistencies, resulting in more stable and physiologically 
coherent EF estimates.

To further quantify the effect of this multi-cycle aggregation strat-
egy, the complete cycle-level measurements and patient-level EF es-
timates are reported in the Supplementary Material (Tables S1–S3). 
These tables provide the full set of ventricular measurements extracted 
from the echocardiographic videos, including EF values obtained from 
individual cardiac cycles and the corresponding errors relative to the 
clinician-reported EF measurements.

Based on these detailed analyses, summary error metrics were com-
puted to compare single-cycle EF estimation with the proposed multi-
cycle aggregation strategy. The resulting values are reported in Table  5.

Overall, the multi-cycle approach reduces both the magnitude and 
variability of the estimation error. In particular, the Mean Absolute 
Error decreases from 6.26% in the single-cycle configuration to 5.09% 
with multi-cycle aggregation. Similarly, the standard deviation of the 
EF error decreases from 8.46% to 6.87%, indicating improved stability 
of the EF estimates. A reduction is also observed for both the mean EF 
error (from 1.09% to 0.92%) and the median EF error (from 1.80% to 
1.58%).

These results demonstrate that aggregating information across mul-
tiple cardiac cycles mitigates the variability, leading to more reliable 
EF estimates compared with single-cycle evaluation.

In clinical echocardiography, automated systems should ideally 
achieve estimation errors within the variability range observed between 
human operators in order to be considered clinically acceptable. The 
EF estimation errors observed in our experiments (5.09% for the multi-
cycle configuration) fall within the variability range typically reported 
for manual echocardiographic measurements (7.6%–13.9%) [2]. These 
findings indicate that the automated estimates generated by CardioS-
martAssist are comparable to those obtained during routine clinical 
assessment.

In addition to continuous EF estimation accuracy, the clinical rel-
evance of automated measurements also depends on their ability to 
correctly identify clinically meaningful EF thresholds. In contemporary 
cardiology practice, thresholds such as LVEF < 40% (heart failure with 
reduced ejection fraction) and LVEF ≤ 35% (criteria for implantable 
cardioverter-defibrillator eligibility) represent key decision points for 
patient management.

Although the present study focuses primarily on quantitative agree-
ment with clinician measurements, the observed EF error distribution 
suggests that the automated estimates are sufficiently accurate to sup-
port consistent classification around these clinically relevant thresh-
olds. Future studies on larger datasets will further investigate decision 
consistency metrics, such as sensitivity and specificity for clinically 
actionable EF categories.

Finally, while execution speed is not the primary focus of the study, 
the system was designed to support a more streamlined workflow.

By providing consistent, frame-level quantitative outputs, the
pipeline may help operators with varying levels of experience ob-
tain more standardised assessments of cardiac function. Although this 
has not been formally evaluated, such standardisation could poten-
tially contribute to reducing subjective variability in routine practice, 
pending validation in future clinical studies.
13 
Within hospital settings, CardioSmartAssist could be integrated into 
the training regimens of medical specialists, given its portable nature 
that allows for immediate utilisation on a laptop or workstation. The 
system has been developed to facilitate the instant upload and analysis 
of echocardiographic videos extracted from ultrasound machines. This 
provides an interactive, real-time learning experience, allowing the 
user to navigate the software’s modules, analyse its decision-making 
process, and compare their decisions with the real uploaded video 
to gain a critical perspective. This feature is valuable in teaching 
environments, where trainees can systematically refine their skills in 
cardiac function assessment, validate their interpretations against au-
tomated analysis, and develop a more standardised approach to LVEF 
estimation. The above-mentioned promising results will be further 
investigated, focusing on the research directions described in Section 5.

5. Limits and further developments

Despite the advancements of CardioSmartAssist, several limitations 
warrant further investigation, presenting opportunities for future re-
search and improvements. When the model’s segmentation of the en-
docardial border and the mitral valve plane diverges from that of 
expert cardiologists, it potentially affects volume estimation. To en-
hance segmentation accuracy, future work may incorporate advanced 
deep learning architectures, including spatiotemporal models and ad-
versarial learning frameworks like Actor-Critic networks [40]. Ad-
ditionally, attention mechanisms and transformer-based approaches 
could be beneficial in complex scenarios where traditional models 
struggle.

The disparity between absolute volume estimation and echocardio-
graphic measurements using Simpson’s rule indicates that automated 
volume calculations require further refinement to align with clinical 
standards. Future enhancements could involve integrating additional 
echocardiographic views, such as the two-chamber view, to enrich 
spatial information and improve accuracy and volumetric assessment 
of all four cardiac chambers, to support supporting a wider range of 
diagnostic applications.

Moreover, the limited size and heterogeneity of the CardioSmartSet 
dataset restrict the generalisability of the findings. Although the test 
cohort is small, the methodological validity is bolstered by evaluation 
against the EchoNet-Dynamic dataset, which comprises 10,030 anno-
tated echocardiography videos, providing a robust sample for deep 
learning training and validation [20].

The present study was conceived as an initial feasibility study aimed 
at demonstrating the clinical viability of an integrated, continuous-
learning echocardiographic workflow, rather than providing a defini-
tive large-scale validation. Similar proof-of-concept approaches have 
been reported in early automated echocardiography studies [41].

Accordingly, the proprietary CardioSmartSet cohort currently repre-
sents a preliminary testing phase and includes 27 patients with limited 
pathological diversity. It serves as an initial independent clinical eval-
uation set distinct from the public EchoNet-Dynamic dataset [2] used 
during model development. The expert-in-the-loop continuous learning 
mechanism, while designed to enhance model performance, has to be 
validated on a sufficiently large number of clinician-corrected masks 
to assess its real-world impact, as continuous clinician interaction is 
increasingly recognised as a prerequisite for adapting AI models to 
clinical environments [39]. Consequently, this work should be viewed 
as a technical feasibility study rather than a clinically validated tool.

The current work did not include a formal evaluation of reporting 
time or workflow efficiency. Future research should therefore investi-
gate the impact of CardioSmartAssist on clinical workflow performance, 
particularly by distinguishing between total processing time and clini-
cian active time. Previous studies have shown that automated echocar-
diographic analysis may require a slightly longer total processing time 
than rapid manual measurements, but substantially reduces the active 
time required from clinicians because computational steps such as view 
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selection and contour extraction are performed automatically in the 
background [42]. Future studies should therefore quantify the potential 
reduction in clinician active time and evaluate how the integration 
of CardioSmartAssist affects reporting efficiency and diagnostic repro-
ducibility across operators with different levels of experience [43]. 
Furthermore, prospective clinical evaluations should investigate the 
reliability of the system in supporting downstream clinical decisions, 
such as the classification of patients around clinically relevant ejection 
fraction thresholds (e.g., LVEF ≤ 35%) [41].

Future research should involve larger, multi-centre, and pathology-
balanced cohorts to establish the clinical reliability and generalisability 
of CardioSmartAssist, including vendor-stratified analyses to fully as-
sess the robustness of the framework across heterogeneous acquisition 
environments. Such studies should also include patients with irregular 
cardiac rhythms, atypical ventricular morphologies, and heterogeneous 
imaging quality in order to evaluate the robustness of the proposed 
multi-cycle analysis strategy under real-world conditions [2,44].

In addition, further investigations should systematically analyse 
possible failures the EF computation pipeline, including segmentation 
flicker, missing frames, papillary muscle inclusion, trabeculations, and 
poor acoustic windows. Future work should therefore quantify how 
frequently cardiac cycles are excluded due to detected anomalies and 
evaluate the effectiveness of the anomaly detection and cycle filtering 
mechanisms currently implemented in the framework.

Moreover, the development of explicit reliability indicators or
quality-control scores that trigger clinician review when automated 
measurements are uncertain could further enhance the clinical credi-
bility and safety of the proposed approach.

The next phase involves designing a clinical study to assess Car-
dioSmartAssist’s impact on medical workflows, particularly on the 
educational benefits for medical residents regarding diagnostic accu-
racy.

Addressing ethical challenges, such as algorithmic bias, is cru-
cial and requires diverse training datasets to ensure accurate diag-
noses across demographic groups. Enhancing the representation of age 
groups, genders, and pathological cases will promote a more gener-
alisable model, mitigate class-imbalance risks, and improve robust-
ness [18].

Additionally, systematic assessments of network retraining using 
clinician-gathered batch images will be essential. This includes
analysing learning curves and performance improvements with each 
retraining iteration, as well as comparing the accuracy of automatically 
identified end-systolic and end-diastolic frames with those labelled 
by expert cardiologists (previously excluded from evaluation due to 
clinical time constraints, which may provide valuable insights into the 
algorithm’s temporal precision).

A further contribution of this study is the potential integration 
of CardioSmartAssist into out-of-hospital settings (e.g., home visits). 
Future investigations may examine the potential integration of portable 
ultrasound devices utilised by healthcare providers, nurses, or general 
practitioners during routine home examinations into existing work-
flows. However, this integration necessitates dedicated studies on us-
ability and diagnostic reliability to determine its feasibility and impact 
on accessibility for patients with limited mobility.

Finally, a new data-acquisition phase is planned to improve diver-
sity in patient demographics, clinical conditions, and imaging char-
acteristics for follow-up studies. By increasing representation across 
various groups, the study aims to develop a more generalisable model, 
reduce dataset-induced biases, and enhance the model’s robustness and 
reliability across diverse patient populations and clinical scenarios.

6. Conclusions

The global health challenge posed by CVDs necessitates efficient, 
scalable, and accessible tools for evaluating cardiac function. Echocar-
diography, despite its safety and real-time diagnostic capabilities, re-
mains operator-dependent, underscoring the need for automated and 
effective solutions.
14 
The study introduces CardioSmartAssist, a DL-based framework for 
cardiac diagnosis that automates EF calculation across multiple cycles 
and improves cardiac function analysis by attenuating beat-to-beat 
variability and transient noise compared to traditional single-cycle 
assessment.

Importantly, CardioSmartAssist’s EF calculations demonstrated a 
10% deviation from clinical single-cycle estimates, which is lower than 
the reported inter-observer variability of 13.9% [2]. However, average 
discrepancies in volume estimation reached 28%, partly attributable to 
inter-operator variability during the calibration phase.

The segmentation process was based on MultiResUNet, which
demonstrated superior clinical reliability and robustness, and was 
further enhanced through fine-tuning.

The system also includes a continuous learning mechanism, which 
iteratively enhances model performance by incorporating clinicians’ 
corrected segmentations.

Moreover, no direct evaluation in extra-hospital environments was 
performed; however, the modular design suggests, pending validation, 
potential adaptability in home visits, potentially broadening access to 
cardiac diagnostics and supporting decentralised healthcare delivery.

Future developments will enhance dataset expansion, segmenta-
tion accuracy, volume estimation, integration of echocardiographic 
views, and system validation through clinical, multicentre, and cost-
effectiveness studies.

Additional efforts will aim to improve the model’s long-term per-
formance and generalisability by mitigating algorithmic bias through 
dataset diversification and adaptive retraining strategies using expert-
corrected feedback.

CardioSmartAssist, developed in collaboration with clinicians, offers 
a modular, user-centred design with a customisable graphical inter-
face, utilising UML prior to GUI development to optimise complex 
clinical processes [45]. As a systematic methodology for visualising 
system architecture, processes, and interactions, UML facilitated com-
pliance with user requirements and the identification of bottlenecks in 
healthcare processes [46].
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Appendix A. Supplementary data

Supplementary material, including more detailed information about 
patients, hardware/software configuration, and results, can be found 
online at https://doi.org/10.1016/j.bspc.2026.110363.
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