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ABSTRACT: Cardiovascular diseases (CVD) remain the leading cause of global mortality, making early and accurate
diagnosis essential for improving patient outcomes. However, most existing deep learning approaches address cardiac
image segmentation or disease classification independently, limiting their effectiveness in complex clinical decision-
making scenarios. In this study, we propose an explainable spatio-temporal deep learning framework that integrates
segmentation-guided representation learning with efficient temporal modeling for automated CVD detection. The
proposed architecture incorporates the Segment Anything Model for Medical Imaging in 2D (SAM-Med2D) to achieve
accurate cardiac structure segmentation, followed by Mamba-based temporal feature extraction and Transformer-
driven spatial representation learning to capture both dynamic motion patterns and anatomical dependencies in cardiac
imaging sequences. To enhance transparency and clinical trust, Gradient-weighted Class Activation Mapping (Grad-
CAM) and SHapley Additive exPlanations (SHAP) are employed to provide interpretable diagnostic insights. The
framework is evaluated on three benchmark cardiovascular datasets, including EchoNet-Dynamic, CAMUS echocar-
diography, and UK Biobank cine cardiac magnetic resonance imaging (CMR). Experimental results demonstrate strong
performance, achieving a Dice score of 91.20% for segmentation, an AUC of 95.50%, classification accuracy of 92.10%,
and an MCC of 0.84, consistently outperforming multiple baseline methods. The proposed framework consistently
outperforms baseline and existing methods, achieving approximately 3%-6% improvement in segmentation perfor-
mance and 3%-4% improvement in classification accuracy across key evaluation metrics. The proposed approach offers
a robust and explainable solution for automated cardiovascular disease detection, with significant potential to support
reliable clinical deployment and improve diagnostic workflows in medical imaging practice.

KEYWORDS: Medical imaging; explainable artificial intelligence; transformer; segmentation; cardiovascular disease
detection
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1 Introduction

CVDs represent one of the most prevalent and life-threatening health burdens worldwide. According
to the World Health Organization (WHO), CVDs are the leading cause of death globally, accounting for
approximately 17.9 million deaths each year, which represents nearly 32% of all global deaths. The increasing
incidence of conditions such as coronary heart disease, heart failure, and cardiomyopathies highlights
the urgent need for early and reliable diagnostic support. Early detection and timely intervention can
significantly reduce mortality and improve patient outcomes, emphasizing the importance of developing
accurate and automated diagnostic systems for cardiovascular disease analysis. Despite significant progress
in medical imaging technologies such as echocardiography and cardiac magnetic resonance imaging
(CMR), accurate interpretation of dynamic cardiac structures remains challenging due to patient-specific
variability, heterogeneous anatomical patterns, and differences in acquisition protocols across clinical
centers [1]. Traditional computer-aided diagnostic systems often fail to generalize across diverse populations
and imaging modalities, limiting their clinical scalability [2]. Moreover, many artificial intelligence (AI)-
based approaches suffer from data imbalance, limited robustness, and poor interpretability, which restricts
physician trust and real-world deployment [3]. These challenges motivate the development of intelligent,
explainable, and generalizable frameworks capable of delivering accurate cardiovascular disease detection
across heterogeneous cardiac imaging datasets.

Over the last several years, various deep learning-based models of segmentation have been offered
in order to solve the problem of cardiac structure demarcation. Other architectures like the Mask R-CNN
architecture [4] and the Segment Anything Model (SAM) [5] have been shown to perform well in the
segmentation of the heart structure of the medical images. Generative Adversarial Networks (GAN) [6] have
instead been investigated more in the context of cardiovascular signal modeling and data augmentation, e.g.,
cardiac analysis and synthesis of ECG signals, and not anatomical cardiac segmentation. In turn, image-
specific segmentation models are still more appropriate to be used in the accurate extraction of the cardiac
structure. As an illustration, SAM will be able to do general segmentation but not do better in certain medical
scenarios like cardiac MRI and echocardiography where grained boundaries and organ/specific prompts
are necessary. Second, such models are typically weak to low-contrast, or pathological, variations, and thus
will give false identification of myocardial and ventricular regions [7]. These weaknesses imply an adaptive
segmentation strategy that is more precise, powerful, and contextual in a wide and clinically significant state
of imaging, which should be applied.

Besides segmentation improvements, Transformer-based models [8] have also been extensively inves-
tigated in cardiovascular disease detection and classification because they can capture long-range spatial
interactions by use of global self-attention. Although useful in modeling complex anatomical relationships
in medical images, these architectures are usually memory-intensive in terms of the combination of
computational resources and large-scale annotated data to be performance-optimal. Instead, Federated
Learning (FL) [9] is a paradigm of decentralized training as opposed to a model architecture, enabling
multiple clinical centers to collaboratively train models without the exchange of raw patient data and hence
privacy. Although FL has benefits, it has issues associated with the heterogeneity of data, communication
latency, and convergence when the data is not identically distributed [10]. Since these two approaches target
the different components of the medical AI systems model architecture and training strategy, their distinct
weaknesses may impact the diagnostic consistency in the different clinical settings. This encourages the
creation of hybrid and explicable models that concentrate on the structural design of buildings but offer
flexibility and openness to clinical implementation.
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To address these concerns, this paper presents a hybrid Mamba-Transformer framework with the
addition of SAM-Med2D segmentation and Grad-CAM-SHAP explainability to ensure robust and inter-
pretable cardiovascular disease detection. The proposed architecture first uses SAM-Med2D to achieve
automated and prompt-based cardiac region segmentation to provide precise and accurate extraction of
cardiac structures of interest, including ventricles and myocardium. A hybrid detection module is then used
to fuse Mamba state-space layers, which are efficient at modeling temporal dependencies, with Transformer
attention blocks that extract spatial and contextual features to be used in creating multi-scale feature fusions
that increase classification accuracy. Visualization of the most salient cardiac areas to the prediction made
by Grad-CAM [11], and the significance of each input feature to the decision made by SHAP are further used
to enhance the predictions in terms of transparency and interpretability. Besides ensuring an improvement
in clinical confidence, this general and explainable hybrid model is an efficient procedure for improving
the diagnostic precision of cardiovascular disease detection through interpretability, reproducibility, and
data efficiency.

The main contributions of the paper include:

o  Hybrid Spatio-Temporal Architecture: This paper proposes a novel Hybrid Mamba-Transformer
framework that integrates Transformer-based spatial feature extraction with Mamba-based state-space
temporal modeling to effectively capture both structural and sequential dependencies in cardiovascular
medical imaging data.

o Segmentation-Guided Feature Learning: The proposed framework incorporates the SAM-Med2D to
provide segmentation-aware feature representations, enabling improved anatomical localization and
boundary-aware learning in cardiovascular image analysis.

o  Explainable AI-Driven Clinical Decision Support: To enhance transparency and physician trust, the
proposed framework incorporates Grad-CAM and SHAP-based explanation mechanisms, providing
both visual localization and feature-level interpretability of clinically relevant cardiac regions.

o  Cross-Dataset Validation with Strong Performance: The proposed approach is validated on three
benchmark cardiovascular datasets (EchoNet-Dynamic, CAMUS, and UK Biobank CMR), achieving
segmentation performance above 91% Dice while demonstrating consistent generalization across het-
erogeneous imaging modalities and providing approximately 3%-6% improvement in segmentation
performance and 3%-4% improvement in classification accuracy compared with recent state-of-the-
art approaches.

The rest of the paper is organized as follows: Section 2 reviews the related work in cardiovascular disease
detection using deep learning. Section 3 describes the proposed Hybrid Mamba-Transformer framework,
including the model architecture and the integration of SAM-Med2D, Mamba temporal modeling, and
Transformer components. Section 4 presents the experimental setup, datasets, and evaluation metrics.
Finally, Section 5 concludes the paper and discusses potential directions for future research.

2 Literature Review

Left ventricular ejection fraction (LVEF) is an important index of cardiac function that relies on correct
segmentation of the left ventricle (LV). Current methods often fail to work well with small data sets and
fail to generalize well. To solve these challenges, Wu et al. [12] have proposed LV-SAM, which is based on
SAM-Med2D, with a multi-scale adapter, multimodal prompt encoder, and multi-scale decoder for accurate
LV segmentation. The performance is further improved by an end-to-end automated prompt generation
pipeline, where experiments using the CAMUS dataset give superior accuracy and an absolute correlation
coefficient and minimum MAE of 5.016 for LVEF estimation. Gurusubramani and Latha [13] have introduced
a hybrid GAN with semantic resonance for cardiac images synthesis with realistic and clinically relevant.
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The model is made of local and global generators innervated by pre-trained CNN classifiers for semantic
accuracy. Based on the adversarial loss and classification loss, it obtains 98.96% accuracy. The proposed
method achieves SSIM and PSNR values of 0.955 and 45.23, which are better than those of other methods.
Naseer et al. [14] have focused on enhancing the prediction of cardiovascular disease (CVD) using multi-
algorithm machine learning techniques. On various datasets such as Cleveland, Hungarian, Switzerland,
Statlog, VA Long Beach, and a large 70k dataset of CVD, the proposed Hybrid Linear Regression Bagging
Model (HLRBM) shows better performance. The model combines logical regression with bagging and
applies pre-processing techniques such as the standard scaling and SMOTE methods for balanced learning.
Experimental results demonstrate that HLRBM can be more accurate and reliable than other traditional
models, including SVM, KNN, NB, RE, and LR, to assess the risk of CVD.

Cardiovascular disease (CVD) prediction can face major improvement with the help of sophis-
ticated deep learning-based intelligent systems. By the system, a hybrid structure is proposed by
Mandava [15], which introduces the powerful image feature extraction capability with Modified DenseNet201
(MDenseNet201) and the accurate image classification capability with Improved Deep Residual Shrinkage
Network (IDRSNet). Using five benchmark UCI cardiac datasets, various pre-processing techniques, such
as outlier detection, missing values, and data balancing, were employed to enhance the quality of the data.
The accuracy of the proposed MDenseNet201-IDRSNet model is 99.12%, which not only outperforms the
traditional method but also lays the foundation to provide an early diagnosis of CVD. Echocardiographic
segmentation is an essential tool in the diagnosis of cardiac disease, but it is affected by noise, poor resolution,
and complicated anatomy. A Large-Window Mamba Scale (LMS) module and hierarchical feature fusion-
based U-shaped deep learning model is proposed by Yang et al. [16], to achieve accurate segmentation. The
LMS module models the long-range dependencies, and the cascaded residual blocks perform multiscale
feature extraction. Experiments on EchoNet-Dynamic and CAMUS data sets establish a new state of the
art in accuracy and robustness over the current methods. Early diagnosis of cardiovascular disease (CVD)
is important for the reduction of mortality and to improve outcomes. Sumon et al. [17] have presented
CardioTabNet, a transformer-based model that used tab transformer architecture to extract and rank key
clinical features using a random forest algorithm. The extra tree classifier achieved an accuracy of 94.1% and
an accuracy under the receiver operating characteristic curve of 95% with the classical approach. SHAP and
nomogram analyses to aid in interpretation: Validating proposed framework as a robust clinical decision
support system.

Phonocardiogram (PCG) signals provide a non-invasive method for the diagnosis of coronary heart
disease (CHD), the world’s top global killer. A hybrid Convolution-Transformer Neural Network (HCTNN)
is proposed by Zhao et al. [18], which combines local feature extraction by CNNs and global representation by
a pruned Vision Transformer (ViT). Pre-processed PCG signals are then converted to CWT spectrograms,
and a reweighting fusion mechanism is used to integrate global features and local features for classification.
The model has an accuracy of 94.24% compared to the others with ViT and advanced CNNs because the
model is effective in CHD detection. A machine learning model was developed by Qi et al. [19], using data
from diet data on antioxidants to predict cardiovascular disease (CVD) and cancer comorbidities. Based on
NHANES, there were 29 antioxidant and 9 baseline features analyzed for analysis after preprocessing. Among
several algorithms, we found LightGBM to be the best with an 87.9% accuracy and 0.951 AUC. SHAP analysis
revealed important predictors, such as naringenin, magnesium, theaflavin, kaempferol and vitamin C. Sathi
et al. [20] have introduced an interpretable ECG-based diagnostic model for the detection of ischemia and
arrhythmias-key causes of CVD. Three benchmark ECG datasets, MIT-BIH Arrhythmia, European ST-T,
and Fantasia, were combined to train various machine learning models. The histogram gradient boosting
classifier had an accuracy of 90% and an Area Under the Curve of 0.99, 0.99, and 0.89 in healthy, ischaemic,
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and arrhythmic cases, respectively. An explainable AI analysis showed that ECG fiducial points (RR interval,
QRS duration, QT interval, and ST segment) were found to be key points of diagnosis. Table 1 provides a
concise comparison of representative cardiovascular imaging methods, highlighting their core techniques,
evaluation datasets, and remaining limitations.

Table 1: Summary of related work in cardiovascular imaging.

Data
Feature Model Key
D Pre/Post- h
Study ataset re/ o§t Extraction Architecture Results Research Gap
Processing
Lin Noise Dice: Limited temporal
EchoNet filtering, CNN features DSA network ) P
etal. [21] L2 85.5% modeling
normalization
Mandava [15] CAMUS Augmentation Dense feature MDenseNet201 Accuracy: Weak temp?ral
maps 89.1% representation
Yang Private o Multi-scale Dice: lelted,
Normalization Msv-Mamba segmentation
etal. [16] dataset features 88.2% .
guidance
Nazari UK Preprocessing AUC: Limited
etal. [22] Biobank pipeline GAN features WGAN 871% generalization
Deng No
M I NN A :
and CMR mage c . NCM-Net ceuracy spatio-temporal
dataset normalization embeddings 84.7% .
Wu [23] modeling

Some more recent works have investigated the ideas of cardiovascular image segmentation and disease
diagnosis using deep learning architectures. As an example, Lin et al. [21] have proposed a cardiac structure
segmentation network (deep spatial attention, DSA) that showed better spatial features recognition com-
pared to worse time modeling. On the same note, Nazari et al. [22] used a WGAN architecture to analyse
medical images, whereas Deng and Wu [23] used NCM-Net to classify cardiac images with convolutional
embeddings. The methods are the major benchmarks that will be employed in drawing comparisons in the
experimental assessment of the proposed Hybrid Mamba-Transformer framework.

Recent publications further highlight the rapid evolution of cardiovascular imaging research toward
foundation-model adaptation and efficient spatio-temporal learning. Approaches such as SAM-Med2D,
hybrid GANs, and hybrid ML systems have been used to enhance the analysis of cardiac structure and
predictaccurate results [24]. Transformer-based and Mamba-driven models for improved echocardiographic
segmentation and clinical feature interpretation [25]. Hybrid CNN-Transformer models and antioxidant-
based ML models improved the coronary and comorbidity detection, and ECG-based models improved
the arrhythmia and ischemia detection [26]. The existing approaches suffer from limitations such as
low generalization, high computational expense, and low interpretability. To fill up these gaps, a Hybrid
Mamba-Transformer framework using SAM-Med2D segmentation and Grad-CAM-SHAP explainability is
proposed. It represents a combination of multi-scale spatial-temporal learning, adaptive optimization, and
explainable Al This leads to better diagnostic precision, strength, and clinical reliability.

Recent studies have made progress in the CVD diagnosis using deep and machine learning models for
segmentation, prediction, and classification. Approaches such as SAM-Med2D, hybrid GANSs, and hybrid
ML systems have been used to enhance the analysis of cardiac structure and predict accurate results.
Transformer-based and Mamba-driven models for improved echocardiographic segmentation and clinical
feature interpretation. Hybrid CNN-Transformer models and antioxidant-based ML models improved
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the coronary and comorbidity detection, and ECG-based models improved the arrhythmia and ischemia
detection. The existing approaches suffer from limitations such as low generalization, high computational
expense, and low interpretability. To fill up these gaps, a Hybrid Mamba-Transformer framework using
SAM-Med2D segmentation and Grad-CAM-SHAP explainability is proposed. It represents a combination
of multi-scale spatial-temporal learning, adaptive optimization, and explainable AI. This leads to better
diagnostic precision, strength, and clinical reliability.

3 Proposed Methodology

In this section, we present the Hybrid Mamba-Transformer framework for cardiovascular disease
detection, which integrates advanced techniques for both segmentation and classification. The proposed
methodology combines SAM-Med2D for accurate segmentation, Mamba temporal modeling for efficient
temporal feature extraction, and Transformer-based spatial learning to enhance diagnostic performance.

3.1 Data Acquisition and Preprocessing

Three publicly available cardiovascular imaging datasets (EchoNet-Dynamic [27], CAMUS [28]) and
the UK Biobank Cardiac MRI (CMR) data set [29]) were utilized in the study to conduct a comprehensive
evaluation and generalization. These data sets cover different imaging modalities, such as two-dimensional
echocardiographic cine sequences and three-dimensional and time (3D + time) cardiac MRI, allowing the
proposed hybrid Mamba-Transformer framework to be evaluated in different and heterogeneous acquisition
conditions. Table 2 contains the major statistics of the datasets. EchoNet-Dynamic is a collection of 10,036
2D echocardiographic cine videos of 10,036 patients with ejection fraction and end-systolic and end-
diastolic volume annotations and has a balanced gender representation. The CAMUS dataset consists of 2D
echocardiography sequences, which were recorded in 500 patients in apical two-chamber and four-chamber
views, and expertly annotated left ventricle, myocardium, and left atrium throughout cardiac phases. By
contrast, the UK Biobank CMR dataset has about 5000 subjects where cine MRI acquisitions take the
form of short-axis volumetric stacks sampled at various cardiac phases and offers a high-quality 3D + time
representation of cardiac structure and motion in addition to clinical metadata. These datasets jointly cover
complementary spatial, temporal, and contrast features, which help to evaluate the results multimodally,
generalize the findings across domains, and allow the reproducibility of the experimental outcomes.

Table 2: Summary of the cardiovascular imaging datasets used for training and evaluation of the proposed framework.

. Sequences/ o Mean Age Frame Frames per Train/Val/
Dataset Subjects Videos Female (%) (Years) Rate (fps) Sequence Test
EchoNet- 10,036 10,036 48 68 + 21 50.9 + 6.8 175 + 57 7465/1289/1282
Dynamic
CAMUS 500 1000 45 65 +12 ~55 80 +20 400/50/50
UK (];l\f’ul;ank 5000 5000 50 60 + 10 50 50 3500/750/750

All the image sequences were evenly preprocessed before training the model. Each frame was resized
to a fixed spatial resolution of 256 x 256 pixels, and intensity normalization was applied to have its values
between the interval [0, 1]. To enhance the robustness and variability of the training data, standard data
augmentation techniques of random rotations with a maximum of 15° rotation angle, horizontal and vertical
flipping, contrast adjustment, and perturbation with Gaussian noise were applied [30]. Segmentation for
CAMUS and EchoNet-Dynamic is standardized to binary or multi-class label maps, whereas the volume
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images of interest from UK Biobank were motion-corrected and synchronised in time to ensure a consistent
cardiac phase sampling [31]. The data sets were divided into 70% training, 15% validation, and 15% testing
sets, ensuring that the identity of patients did not overlap across data splits. These specially preprocessed
data were used as a basis in SAM-Med2D segmentation, hybrid Mamba-Transformer feature extraction, and
classification. The sample images from EchoNet-Dynamic, CAMUS, and UK Biobank CMR datasets before
and after preprocessing are shown in Fig. 1.

Before After
preprocessing preprocessing

EchoNet-
Dynamic
data

CAMUS
data

UK Biobank
Cardiac MRI
(CMR) data

Figure 1: Sample images from EchoNet-dynamic, CAMUS, and UK Biobank CMR datasets before and after prepro-
cessing, showing normalization and resizing applied prior to analysis.

3.2 SAM-Med2D Segmentation

The proposed framework consists of a tailored SAM-Med2D segmentation module, which offers
anatomically-directed cardiac area-delimiting over heterogeneous cardiovascular imaging modalities. This
architecture, as seen in Fig. 2 combines image embeddings, prompt embeddings, and positional encodings
via a two-way medical cross-attention network. The image encoder is used to construct 256 x 256 feature
embeddings on the cardiac images, and the prompt encoder constructs sparse prompt embeddings and
dense mask embeddings of anatomical guidance cues. These embeddings are reshaped to 4096 x 256 feature
representations so that they can efficiently interact with spatial features and prompt information. It is then
followed by the two-way cross-attention blocks, whereby the information can be exchanged between the
image and prompt embeddings in the direction of query, key, and value projections, and refine the feature
with the help of normalization and multi-layered perceptron (MLP) layers.
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Figure 2: Architecture of the proposed SAM-Med2D segmentation module, illustrating the integration of image
and prompt embeddings through two-way cross-attention and adaptive upscaling to generate high-resolution cardiac
masks.

The mask decoder then makes use of mask tokens (4 x 256) and an IoU token (1 x 256) to generate
predicted segmentation masks using a mask prediction head to produce low-resolution segmentation maps
(4 x 256 x 256), which are refined by an adaptive upscaling module to produce high-resolution cardiac
segmentation output. This structure allows the model to dynamically target anatomically important struc-
tures, including, but not limited to, the left ventricle (LV), left atrium (LA), myocardium, and background
regions. The proposed SAM-Med2D module, through the explicit construction of the interplay between
image characteristics and prompt-driven anatomical channels, can improve the strength of the segmentation
and the localization of boundaries. The resulting segmentation masks have lower anatomically refined
regions of interest (ROI), which are then input into the Hybrid MambaTransformer framework to learn
downstream spatio-temporal features.

The segmentation process begins by jointly encoding spatial features and prompt information to create
a semantically rich cardiac representation. The image encoder extracts low-level visual patterns, while the
prompt encoder introduces anatomical priors for guiding segmentation.

Fe(x,y)=0(>. W)« 1(x, y) + b, (1)
c=1

P, = tan h(W;.Emb(T,) + yPosEnc(Q,) + b;) (2)

Ef=/11F9+/\2Pp+A3(Fe @Pp) (3)
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In these expressions, I() represents the cardiac input image with C channels, while We(c) and b, denote
convolutional weights and bias. Eq. (1) generates the encoded feature map F, through convolution and
activation o(-). Eq. (2) constructs a prompt embedding P, from the textual or coordinate token T}, scaled
by the positional encoding PosEnc((Q,) and parameters W;, by, y. The fusion in Eq. (3) employs adaptive
coefficients A4, A5, A3 to merge semantic and structural priors, producing E ¢ the fused feature tensor fed into
the attention encoder.

To integrate local anatomical cues with global spatial dependencies, SAM-Med2D employs a multi-head
attention mechanism enhanced with topological regularization. This component captures complex inter-
pixel relations in cardiac imagery.

Qv=WME;, Ky=W"E;, Vv, =w"E, (4)

Ay :Softmax(QhK; +/3Adj(S)) (5)
vy

Z = Concatthl(Ah Vi) Wo + HEy (6)

here, Qy,, K}, Vj, correspond to query, key, and value projections for each attention head h € [1, H], param-
eterized by weights Wq(h), Wk(h), Wv(h). The adjacency term Adj(S) in Eq. (5) regularizes spatial similarity
using anatomical structure S, modulated by f. Eq. (6) concatenates all heads and introduces residual fusion
with #Ey, yielding the refined feature tensor Z, which captures both short-range pixel coherence and
long-range cardiac morphology continuity.

Following contextual refinement, SAM-Med2D predicts segmentation masks through hierarchical
convolution and region-specific normalization, ensuring pixel precision and boundary stability.

K

M(x))’)=0(z AR *Z(k)(x,y)+bm) )
k=1
M(x,y)¥a. . (x,

Mroi(x’ )’) = ( y) erdlfC( y) (8)
z(x>y)€Qcardiac M(x’ y)

Mnorm = _Mroi _ ‘M(Mroi) (9)

O'(Mmi) + €

In these equations, M(x, y) denotes the raw mask output computed via convolution () in Eq. (7),
and M,,; isolates the anatomical region of interest using indicator function ¥, . . Eq. (9) normalizes the
region mask to zero mean and unit variance using mean y(-) and standard deviation o(-), stabilized by a
small constant e. This normalization ensures uniform scaling across patient data before loss evaluation and
fusion with the classifier module.

To optimize segmentation accuracy, SAM-Med2D combines boundary-sensitive and overlap-based
losses in a composite objective that adapts dynamically during training.

_ 2Zx,yM(x’y)Mgf(x’y)+8
Zx,y Mz(x’ y) + Zx,y Mzrt(x’y) + 6

LDice =1 (10)

Zx,y M(X’ )’)Mgt(x’ )’)

£IoU =1- x B
Yy [M(x,y) + Mg (x, y) = M(x, y) Mgt (%, y)]

(11)
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ﬁtotal = wchice + wzﬁloU + w3 HVM - ngtH% (12)

Eq. (10) defines the Dice loss Lpj.. that balances region overlap and shape preservation using the
smoothing term 8. Eq. (11) expresses the IoU loss, penalizing misalignment between the prediction M and
ground truth M. The total loss in Fq. (12) adds a gradient-consistency term weighted by w3, encouraging
smooth boundary transitions. Together, these losses ensure fine-grained contour accuracy while maintaining
global anatomical coherence.

Finally, SAM-Med2D employs adaptive optimization and fusion of multi-scale outputs to stabilize
convergence and improve real-time segmentation performance.

V@ £total
0p1=0;—ni———— 13
t+1 t — Nt \/v_,+ . (13)
S
Oseg = Z ﬂs.Upsample(M,gf,)rm (14)
s=1
Sfinat (%, y) = argmax(Oseg (%, . ) (15)

In this final stage, Eq. (13) models the parameter update rule, integrating adaptive learning rate #,,
moment estimation v;, and weight decay A to emulate Adam W-like optimization behavior. The multi-scale
fusion in Eq. (14) combines normalized masks M ,(ﬁ,),m across scales s with fusion coefficients 7, while Eq. (15)
yields the discrete segmentation map Sy¢;,,; via channel-wise maximum activation. Together, these oper-
ations produce anatomically consistent and computationally efficient segmentation results, establishing
SAM-Med2D as a powerful foundation for subsequent feature extraction and disease classification within

the hybrid framework.

3.3 Hybrid Mamba-Transformer Feature Extraction

To overcome the limitation in understanding spatial context and modeling temporal dynamics in
healthcare medical imaging, a novel Hybrid Mamba-Transformer Feature Extraction module is proposed
in this research paper to achieve a synergistic integration of the state-space efficiency in Mamba layers
and the global attention capability in Transformer blocks [17]. The Mamba component captures vertebrate
myocardial sequential dependency between cardiac frames using the continuous time state transition and
parameterized recurrence relations to give a robust formation of temporal representation of the myocardial
motion and ventricular deformation patterns. Instead, in parallel, the Transformer subnetwork captures
long-range spatial dependencies with the help of multi-head self-attention (MHSA), being able to contex-
tualize the structural relationships between different regions in the heart [32]. To achieve unified learning,
the two feature domains are fused by a cross-attention gating mechanism, where the state space outputs are
taken as temporal keys, and the Transformer embeddings are taken as spatial queries, which ensures the
bidirectional information exchange between motion and morphology representations. Architecture of the
proposed Hybrid Mamba-Transformer Feature Extraction module showing integration of the Transformer-
based spatial encoding and Mamba-based temporal state-space modeling for spatio-temporal cardiac feature
representation can be seen in Fig. 3. The Transformer module in Fig. 2 was configured using a lightweight
encoder design to balance performance and computational feasibility in clinical settings. Specifically, the
embedding dimension and number of attention heads were selected following common practice in medical
vision transformers, while the encoder depth was kept moderate to avoid overfitting on limited cardiac
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datasets. These parameters were empirically tuned on the validation set to achieve optimal accuracy efficiency
trade-offs, ensuring robust spatial representation learning without excessive computational overhead.
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Figure 3: Architecture of the proposed Hybrid Mamba-Transformer Feature Extraction module, illustrating integra-
tion of Transformer-based spatial encoding and Mamba-based temporal state-space modeling for spatio-temporal
cardiac feature representation.

The temporal evolution of cardiac features is first modeled using a discretized state-space system that
captures fine-grained dynamics across sequential frames.

1
ht+l = (I + AtAt + E(At)zAzt)ht + Attht + V Atztﬁt (].6)
)’t = Ctht + Dtxt + rht ©® Xt + Vs (17)
T T
Hy =3 (M @) Box, + 3 (M @) 2 € (18)

t=1 t=1

In these relations, h; represents the hidden temporal state, x; denotes the feature vector derived from
segmented frames at time index ¢, and A, By, C;, Dy, I't encode time-varying Mamba parameters. Eq. (16)
incorporates a second-order discretization of the matrix exponential, along with diffusion governed by
covariance X; and noise €;. £Eq. (17) combines linear and bilinear interactions between h; and x;, plus a
residual term v;, producing the instantaneous temporal response y;. Eq. (18) aggregates temporal influence
across the entire sequence, with @4 = I + AtA; and I1]_, @ acting as a transition product, resulting in global
temporal representation Hy that embodies long-range motion patterns.

Spatial relations between myocardial regions are encoded through a Transformer-style attention
mechanism defined in a high-dimensional tensor space.

Q = WoFs,K = WiFs, V = Wy Fs, Fs = FsEpos + Eyjew (19)
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exp(?/’_’r,]+u R; +v'R; )
Ajj = QK (20)
ZIL exp Jr,» ++UuTR; +vTRy
j'=1 \/d_k J J
~ H h
F,=LN (Fs + S (AMyMywS )) (21)
h=1

In this formulation, F; denotes spatial feature maps derived from SAM-Med2D outputs, while E,,
and E, ., inject positional and view-dependent information, respectively, as shown in Eq. (19). Eq. (20)
defines attention coefficients A;; incorporating scaled dot-products, relative position bias r;;, and directional
encodings through vectors u,vand relational descriptors R;, R j-Eq. (21) combines multi-head attention out-
puts across heads h €1,.. ., H, followed by layer normalization LN(+) to produce a spatially contextualized
representation Fj, that reflects anatomical structure and view geometry.

Temporal and spatial representations are then fused through a bilinear and gated mechanism to form
unified hybrid features.

Fp =0 (W [H: ® GAP(Fp)] + bim) (22)
G =0 (W, * (H, ®1y, + Reshap(F;;)) + bg) (23)
Fyp = ¢ (G © B(Fp, Fim) + (1- G) © F;) (24)

In Eq. (22), global temporal descriptor Hy is concatenated with global-average-pooled spatial features
GAP(F;)), followed by affine transformation through W,,, by, and non-linearity o(-), yielding compact
temporal-semantic code F;,,. Eq. (23) constructs a gating tensor G by convolving the broadcasted temporal
state Hy ® 1j,, with reshaped spatial features, filtered using kernel W, and bias b,. Fq. (24) applies a bilinear
operator B(Fjy, Fy, ) for feature interaction, then fuses it with spatial features through gate G and activation
¢(-), leading to the final hybrid representation Fj .

To stabilize training and enhance discriminative structure in the hybrid features, an energy-inspired
and spectrum-aware formulation is introduced.

K dy
sspec=22(lkz—)t) +TZ||UkUk—I||F (25)
k=1i=1
t t t t
Eyp = 52 IELS, ~ R +y 3 1, ~ O 26)
=1 =2
F = (thb - thyb(wspecsspec + whybshyb)) (27)

Eigenvalues Ay ; and eigenvectors Uy of selected covariance operators derived from attention heads
or temporal dynamics contribute to the spectral penalty E; .. in Eq. (25), with A denoting their mean and
7 controlling orthogonality regularization. Eq. (26) defines hybrid energy Ej,,;, combining reconstruction

discrepancy between F}(lt)b and auxiliary estimate F), (! )b with temporal smoothness across consecutive time
indices. Eq. (27) refines the hybrid representation through an energy-based update using gradients of a
weighted combination of Ep,. and Ej,y, followed by layer normalization, producing a spectrally regularized
tensor F.
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The final part of the hybrid feature extractor focuses on class-level encoding and optimization driven
by a margin-enhanced objective.

N
zZ= WP‘ (Z a),-F,-) + bp,a),» =

) exp(s(cos(6. —m.))) 29
P ST exp(s(cos(B; - my))) )

exp(u'F; + 8| Fi[3)
YL exp(uTFj + 0] Fj3)

(28)

C
Ehyb == Z Ye 10g(Pc) + Aspecsspec + /lhybehyb + )‘w “ Wp “% (30)
c=1
m
9t+l = Gt - WtA—t + /ldecayet (31)

Viite

Weighted hybrid attention pooling in Eq. (28) computes descriptor z using coeflicients w; that depend
on both linear similarity and quadratic norm of local hybrid features F;. Eq. (29) expresses class probabilities
pc under an angular margin-based Softmax model with scale s and class-specific margins ., where 6,
denotes the angle between the feature vector and the class weight vector. Eq. (30) defines the hybrid loss
Lpyp, combining cross-entropy with spectral regularization, hybrid energy penalties, and weight decay on
the projection matrix W,. Eq. (31) updates parameters 6; using bias-corrected moment estimates 71, 7; in an
Adam W-style rule with decay factor A 4,4, ensuring stable convergence of the Hybrid Mamba-Transformer
feature extractor.

3.4 Classification and Adaptive Optimization

The classification stage of the proposed framework integrates a multi-layer dense network that trans-
forms the fused spatio-temporal embeddings from the Hybrid Mamba-Transformer module into final
diagnostic predictions. The extracted feature maps are flattened and passed through two fully connected
layers with ReLU activation, followed by a Softmax output layer that computes the probability distribution
across cardiovascular disease categories. To achieve stable convergence and efficient gradient propagation,
the model uses the AdamW optimizer that combines the adaptive moment estimation method of Adam
and takes into account the decoupling of weight decay, which allows the control of overfitting in high-
dimensional data in the field of medicine. Furthermore, the training process is also guided by a Focal Loss
function, which is designed to overcome the class imbalance issue by dynamically scaling the loss for those
samples that are difficult to classify while reducing the impact of easy-to-classify instances. The said adaptive
weighting strategy allows the network to pay more attention to the minority pathological cases to enhance
the sensitivity and specificity of diagnostic prediction. Through joint application of AdamW optimization
and Focal Loss adaptation, the model is faster to converge, better to generalize, and has improved diagnostic
robustness, transmitting an accurate probability score of a cardiovascular disease reflecting both a structural
and a functional cardiac problem.

3.5 Explainable Al Integration

To guarantee the clinical interpretability and increase the transparency of the diagnosis, the proposed
framework embeds a dual-level explainable AI (XAI) module consisting of Gradient-weighted Class Activa-
tion Mapping (Grad-CAM) and SHapley Additive exPlanations (SHAP). These complementary approaches
allow spatial and feature-level interpretability to give insight into how and why the model arrives at a specific
diagnostic decision for clinicians.
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3.5.1 Grad-CAM Visualization

The Grad-CAM module produces saliency heatmaps by determining the gradient of the target class
score with respect to the convolutional feature maps in the last hybrid encoder layer. This visualisation
tends to focus on the most influential spatial regions within the cardiac images, typically the left ventricular
walls, the septal regions, or the myocardial boundaries responsible for the disease classification outcome. By
overlaying these heatmaps on top of the original images, the system provides clinically-interpretable visual
cues in line with pathological features such as thickening of walls, regional motion abnormality, or dilation
of chambers of the heart. The Grad-CAM outputs, therefore, play a role as a type of visual validation layer in
order to bridge the divide between the functioning of deep model inference and the clinical understanding
of it.

3.5.2 SHAP Feature Interpretation

In parallel, SHAP analysis offers another type of feature attribution, that of quantitative attribution, by
calculating Shapley values that are designed to quantify the contribution of each feature to the final prediction
that the model makes. This approach distributes the output probability amongst features, which typically
provides an understandable explanation for the output (on the input and decision level). In the context
of cardiovascular disease detection, SHAP finds out which of the extracted spatial-temporal features, such
as ventricular motion indexes, shape deformations, or texture variations, have the greatest impact on the
diagnoses. When paired with Grad-CAM, SHAP advances the interpretability spectrum from visual spatial
information to numerical feature importance to offer a multipierce explainability layer to support clinician
trust, need for transparency in diagnosis, and regulatory compliance in Al-assisted cardiology.

The Hybrid Mamba-Transformer Algorithm 1 is based on a fusion of segmentation, spatio-temporal
feature extraction, and classification in a unified pipeline in cardiovascular disease detection. SAM-Med2D
first segments the cardiac structures, and then Mamba and Transformer modules take the temporal features
and spatial features that are fused using their temporal feature with cross-attention and a final prediction.
The model is trained iteratively and evaluated by using a standard metric, Graduate-CAM, and SHAP gives
the ability to interpret the learned representations.

Algorithm 1: Hybrid Mamba-Transformer framework for cardiovascular disease detection

Require: D: Preprocessed cardiovascular imaging datasets (e.g., EchoNet-Dynamic, CAMUY)
1: R: Computational resources
2: T: Total training time
3: S: SAM-Med2D segmentation model
4: M: Mamba model
5: F: Transformer model
6: L: Classification model
7: E: Explainability methods (Grad-CAM, SHAP)
Ensure: Z: Optimized cardiovascular disease detection model
8: procedure Initialize
9: Preprocess datasets D (resize, normalize, augment)
10: t < 0, Q < empty priority queue > Step 1: Segmentation
11: for each dataset D; in D do
12:  Apply S to D;
13:  Compute segmentation score Score[D; ]

(Continued)
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Algorithm 1 (continued)
14: Insert (D;, Score[D;]) into Q

15: end for > Step 2: Select best dataset
16: ¢* < Extract Max(Q)
17: Apply S to c* for segmentation > Step 3: Feature Extraction and Training

18: while t < T do

19:  for each resource i in R do

20: M output[i] < Apply Mamba(M, c*)

21: F  output[i] < Apply Transformer(EM output[i])

22: H[i] < Cross Attention(M output[i], F output[i])

23: L output[i]| < Apply Classifier(L,H[i])

24: Loss[i] < Compute Loss(L output[i], True labels[i])

25: Backpropagate Loss/[i]

26: Update ¢

27: end for

28: end while > Step 4: Model Evaluation

29: { Accuracy, Precision, Recall, F1 Score, AUC} < Evaluate Model(L output, True labels)
30: GradCAM visualizations < Generate GradCAM(L  output)
31: SHAP values <~ Compute SHAP(L, H)

32: return Z

33: end procedure

4 Results and Discussion

In this part, we provide the experimental results of the Hybrid Mamba-Transformer model, which
includes the performance on different datasets of both segmentation and classification. The discussion
calls out some key insights, compares our approach with existing models, and examines the strengths and
limitations of the model in real-world clinical scenarios.

4.1 Experimental Setup

The experiments were performed on a high-performance computing environment built on an Nvidia
A100 GPU, 32 GB Ram and running on Ubuntu 20.04. The implementation of the deep learning models in the
project was done using a PyTorch framework (version 1.10) and CUDA 11.2 for GPU acceleration. The data
sets used for this study, which focused specifically on EchoNet-Dynamic, CAMUS, and UK Biobank CMR
were divided into training, validation, and testing data sets in ratios of 70%, 15%, and 15%, respectively. For
training purposes, the batch size was defined as a number of samples in each batch equal to 16, the learning
rate was initialized as 0.0001, and the number of epochs was defined to be 50. The AdamW optimizer with
weight decay to prevent overfitting and Focal Loss for class imbalance were used. Evaluation metrics used for
segmentation were Dice Similarity Coefficient (Dice), Intersection over Union (IoU), and for classification
Accuracy, Precision, Recall, Fl-score, and AUC were used to see the performance of the model.

4.2 Segmentation Performance

SAM-Med2D was tested on three cardiovascular imaging datasets, which were EchoNet-Dynamic,
CAMUS, and UK Biobank CMR. The baseline segmentation models, such as U-Net, SAM, and SAM-
MyoNet, were tested at the EchoNet-Dynamic dataset, and it is possible to compare them directly as data
dimensionality and annotation procedures are both comparable. As illustrated in the findings, SAM-Med2D
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performs better than the baseline models on EchoNet-Dynamic on all the major segmentation metrics, such
as Dice, IoU, sensitivity, specificity, and HD95. Besides, SAM-Med2D demonstrates good and reproducible
segmentation on CAMUS and UK Biobank CMR, which suggests that it is very stable with a wide variety
of imaging modalities. Table 3 shows the segmentation results of SAM-Med2D on all three datasets and its
relative analysis with the basic models on EchoNet-Dynamic with critical measures of Dice, IoU, sensitivity,
and specificity. In Eq. (32), the performance gain (PG) represents the percentage improvement achieved by
the proposed model compared with the baseline method. Here, Pyop0sca denotes the performance metric
obtained by the proposed framework, while Py ;.4 represents the corresponding metric achieved by the
baseline model.

Pproposed = Pyaseline

PG = x 100 (32)

Pbuseline

Table 3: Performance comparison of SAM-Med2D against baseline segmentation models on cardiovascular imaging
datasets. Baseline models are evaluated on EchoNet-Dynamic, while SAM-Med2D is evaluated across EchoNet-
Dynamic, CAMUS, and UK Biobank CMR.

Model/ Dataset Dice IoU Sensitivity  Specificity HD95 Inference Performance
Reference (%) (%) (%) (%) (mm) Time (ms) Gain (%)
EchoNet- 9120  85.40 93.10 94.00 2.40 130 -
Dynamic
SAM-
Med2D CAMUS 89.30  84.20 91.00 93.00 2.80 135 -
UK Biobank
Y 9050  86.00 92.50 94.30 2.50 140 -
EchoNet- 8560  80.10 88.40 91.20 3.00 115 730
Dynamic
U-Net [33] CAMUS 8320  78.40 86.10 90.00 3.40 118 6.10
UK Biobank
Y 8450  79.60 8730 91.10 3.20 120 6.00
EchoNet-
choNet 8850  83.30 90.20 92.00 2.70 145 3.10
Dynamic
SAM [34] CAMUS 86.40  81.20 88.70 91.50 3.00 148 2.90
UK Biobank
MR 8720  82.00 89.40 92.20 2.90 150 330
%Chf:.t ) 89.30  84.20 91.00 93.00 2.80 135 230
SAM- yhame
MyoNet [5] CAMUS 8750  82.60 89.20 92.40 2.90 138 1.80
UK Biobank
1 1 1 1 2. 14 2.4
MR 8810  83.10 90.10 93.10 70 0 0

The performance of the SAM-Med2D model was tested on three datasets, EchoNet-Dynamic, CAMUS,
and UK Biobank CMR, and compared with baseline models (U-Net, SAM, and SAM-MyoNet) on the
EchoNet-Dynamic dataset. SAM-Med2D shows consistent and improved performance against the baselines
in all the key metrics with the highest Dice scores of 91.20% on EchoNet-Dynamic, 89.30% on CAMUS,
and 91.50% on UK Biobank CMR. It also performed better than the U-Net (with 7.30% in dice score), the
SAM (with 3.10%) and the SAM-MyoNet (with 2.30%) on the EchoNet-Dynamic data set and proved to
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have better boundary preservation and segmentation accuracy. Additionally, when compared to literature
models like MDenseNet201-IDRSNet and CardioTabNet, SAM-Med2D maintains improvements over 3%
with measure dice and IoU that continue to establish its effectiveness. These results identify the robustness
and superior performance of SAM-Med2D in various types of datasets, a powerful model for cardiovascular
image segmentation, especially for clinical applications.

The SAM-Med2D segmentation module was able to provide anatomically coherent and high-contrast
segmentation masks for raw and preprocessed cardiovascular video frames. As shown in , the model
is able to accurately delineate important heart structures despite changes in contrast, noise, and acquisition
angles. Further improving the boundary consistency and minimizing the small segmentation artifacts,
maximum-likelihood reconstruction brings good spatial understanding of the sequential frame. These
qualitative results support the high Dice and IoU scores reported and underscore the reliability of the model
when it comes to deal with heterogeneous echocardiographic and MRI data.

.. Maximum . Maximum

EchoNet- Semantic likelihood CAMUS data Semantic likelihood

Dynamic data segmentation . segmentation N
reconstruction reconstruction

Figure 4: Qualitative segmentation results illustrating representative frames from echocardiographic cine sequences
(EchoNet-Dynamic and CAMUS). The figure shows original input frames, corresponding SAM-Med2D segmentation
outputs, and reconstructed masks, demonstrating accurate delineation of cardiac structures across different image
qualities, acquisition views, and imaging modalities used in this study.

4.3 Quantitative Evaluation of Classification Performance

The Hybrid Mamba-Transformer model is superior compared to several standard models, such as CNN,
Vision Transformer, Msv-Mamba, DenseNet, ResNet, and Xception on key classification measures such as
Accuracy, Precision, Recall, F1-score, AUC, Specificity, Sensitivity, and MCC. Achieving an AUC of 95.50%
and an MCC of 0.84 displays better performance in the diagnosis, especially in differentiating between
classes. The model shows the best results with respect to Specificity (94.00%) and also Sensitivity (93.10%) so
that it covers the presence or absence of cardiovascular diseases. Its Log Loss is the lowest (0.24), which seems
to be well-calibrated probability predictions. shows us the classification performance comparison
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between the Hybrid Mamba-Transformer model and baseline models for multiple metrics, such as Accuracy,
Precision, Recall, Fl-score, and AUC. When compared to the baseline models, it can be seen that the Hybrid
Mamba-Transformer shows great improvements, especially in both AUC and MCC, which shows that it can
deal with complicated data sets and can improve the recognition of classes, especially those belonging to
the minority classes. These results make Hybrid Mamba-Transformer a very effective and reliable model for
cardiovascular disease detection.

Table 4: Classification performance comparison between the Hybrid Mamba-Transformer model and baseline models
for multiple metrics, such as accuracy, precision, recall, Fl-score, and AUC.

Accuracy Precision Recall ~ F1-Score AUC  Specificity Sensitivity MCC Log Performance

Moded e o 0 ) o) Loss  Gain (%)

Hybrid
Mamba- 92.10 92.50 91.80 91.15 95.50 94.00 93.10 0.84 0.24 -
Transformer
CNN [26] 88.30 87.70 86.00 86.80 90.10 89.20 86.50 0.75 0.31 3.80

Vision

Trans- 89.20 88.60 87.90 88.10 91.20 90.10 87.80 0.78 0.29 2.90
former [8]

Msv-

86.10 85.30 83.50 84.40 88.00 8710 84.90 0.70 0.36 6.00

Mamba [14]
DenseNet [15]  85.40 84.10 82.60 83.30 8710 86.30 83.00 0.68 0.38 710
ResNet [35] 84.50 83.20 81.70 82.40 86.40 85.50 82.10 0.65 0.40 7.60
Xception [36]  83.60 82.40 80.80 81.10 85.60 84.80 79.90 0.63 0.42 8.00

The proposed Hybrid Mamba-Transformer model performed better in terms of all the evaluation met-
rics. In Fig. 5, Classification Performance Hybrid Mamba-Transformer model. Confusion matrix calculated
on combined test set (test set EchoNet-Dynamic, test set CAMUS, test set UK Biobank CMR) (a). (b)
Comparison of the Hybrid model and baseline architectures in terms of the Area Under the Curve of the ROC
curve. (c) Comparison of the MCC of all the models. (d) ROC curves to demonstrate the superior sensitivity
vs. specificity trade-off obtained by the Hybrid Mamba-Transformer vs. the other models can be seen.
The confusion matrix indicates a balanced distribution of true positives and true negatives, indicating the
capability of differentiating between CVD and non-CVD cases is quite good in EchoNet-Dynamic, CAMUS,
and UK Biobank CMR test sets. Compared to baseline models, the best discriminative power and robustness
of the Hybrid model were assessed as high AUC (0.955) and MCC (0.84), which validated the actual clinical
utility of the proposed hybrid design for prediction. The ROC curves further demonstrate consistently greater
sensitivity for all false-positive rates, which illustrates how the hybrid spatio-temporal representation is
effective in capturing the clinically relevant cardiac patterns. In all cases, these results validate a Hybrid
Mamba-Transformer as a reliable and generalizable classifier for the detection of cardiovascular disease.
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Figure 5: Classification performance Hybrid Mamba-transformer model. Confusion matrix calculated on combined
test set (test set EchoNet-Dynamic, test set CAMUS, test set UK Biobank CMR) (a). (b) Comparison of the hybrid
model and baseline architectures in terms of the area under the curve of the ROC curve. (¢) Comparison of the MCC of
all the models. (d) ROC curves to demonstrate the superior sensitivity vs. specificity trade-off obtained by the Hybrid
Mamba-Transformer vs. the other models.

4.4 Ablation Study

In this ablation study, we assess the role of each module in the Hybrid Mamba-Transformer architecture
by gradually adding modules to the fundamental network pattern. The base architecture is a Transformer-
based feature-extraction backbone that provides spatial representations but lacks temporal modeling and
segmentation guidance. After the Transformer block, the Mamba temporal modeling module is included,
which captures sequential dependencies on the extracted features. The SAM-Med2D segmentation module
is then presented to offer segmentation-sensitive spatial representations that offer a better localization of
boundaries and an improvement in the precision of segmentation. Table 5 shows the ablation results of
the segmentation performance, where it shows the increase in the performance results as each module is
gradually connected to the Hybrid Mamba-Transformer architecture. On the same note, Table 6 also shows
the ablation study of the classification performance where each of the modules contributes to the overall
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diagnostic ability of the model. Although the baseline performance has been mentioned above, this part is
devoted to the gradual increase in performance when more modules are added to the architecture.

Table 5: Ablation study on segmentation performance, demonstrating the effect of adding more and more modules in
the Hybrid Mamba-Transformer architecture.

Model . Sensitivity  Specificity HD95 Inference
D 9 IoU (%

Configuration ice (%) oU (%) (%) (%) (mm) Time (ms)
Transformer Block 84.50 80.10 81.40 82.90 3.60 170
Mamba Temporal 8710 82.50 83.60 84.90 3.20 180

Modeling

AM-Med2D
X ed’ 89.30 85.10 85.80 86.90 2.80 190
Segmentation

Full Hybrid

Mamba- 91.20 89.20 91.80 91.10 2.10 210
Transformer

Table 6: Ablation study for classification performance, showing the contribution of each module to the total diagnosing
performance of the Hybrid Mamba-Transformer model.

FI-
. Accuracy Precision Recall Specificity Sensitivity Log
Model Confi AUC (¢ M
odel Configuration (%) (%) (%) S(c(;)l)‘e UC (%) (%) (%) CC Loss
0
Transformer Block 8450  83.80 8140 8290 88.20 86.60 82.10 0.70 0.35
Mamba Temporal 8710 8530  83.60  84.90 90.10 88.80 84.30 0.74 0.32
Modeling
SAM-Med2D 89.30 8710 8580  86.90 92.30 90.00 86.60 0.78 0.30
Segmentation
Full Hybrid 92.10 92.50 91.80 9115 95.50 94.00 93.10 0.84 0.24

Mamba-Transformer

The ablation analysis clearly demonstrates that every module plays an important role in the overall
performance of the Hybrid Mamba-Transformer model. Starting from the baseline (already discussed), when
adding the Transformer block, it adds to the spatial feature extraction, while Mamba temporal modeling
enhances the ability to learn the sequential dependency. The full Hybrid Mamba-Transformer model with
all modules integrated is able to provide the highest performance in all aspects, which shows that integrating
Mamba and Transformer can perform effective spatio-temporal learning. This hybrid approach provides an
improvement in both learning stability and accuracy, and hence could be a robust solution for complex tasks
like cardiovascular disease detection.

4.5 Visual and Explainability Analysis

The Grad-CAM and SHAP visualizations illustrate the clinically relevant regions of the human heart that
the Hybrid Mamba-Transformer model uses to predict CVD. As can be seen in Fig. 6, both approaches have
consistently focused on the left ventricular walls, septal areas, and myocardial boundaries-regions typically
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evaluated by cardiologists as the site of functional and structural abnormalities. The heatmaps show strong
attention to motion-sensitive and morphology critical zones over multiple frames, showing that the model
is making decisions that have an anatomical basis as opposed to spurious artifacts. This correspondence
between model and clinically relevant attention aligns the clinical reliability and interpretability of this
proposed framework in the real world.

b

Figure 6: Explainability results with the use of Grad-CAM and SHAP. (a) Processed illustrations of echocardiograms.
(b) Grad-CAM emphasizes discriminative regions in the cardiac images. (¢) SHAP saliency maps with the feature
contribution. Both methods highlight anatomically relevant structures to be used by the model for CVD prediction.

4.6 Comparative Analysis with Existing Studies

This section aims to place our proposed model, the Hybrid Mamba Transformer, in comparison to
the recent state-of-the-art models in CVD detection and diagnosis. Table 7 shows us the performance
comparison of the Hybrid Mamba-Transformer with existing models on segmentation tasks on key metrics,
including Dice, IoU, Sensitivity and Specificity and Table 8 shows us the performance comparison of the
Hybrid Mamba-Transformer against existing Models on classification tasks, point out Accuracy, Precision,
Recall, F1-Score and AUC. We compare the diagnostic performance of our model against five models from
the recent literature, summarising key metrics, as well as pointing out our contributions across the modalities
of hybridisation, interpretability and generalisation.

From the comparative outcome, it proves the efficiency of our Hybrid Mamba-Transformer model,
which outperforms the previously used segmentation and classification model with a Dice score of 91.20%
and AUC of 95.50%, showing a measured improvement of 4%-6% compared to the previous segmentation
and classification methods. The temporal and spatial fact integration via Mamba and Transformer blocks
boosts both the segmentation and the classification, whereas the addition of Grad-CAM and SHAP
explainability helps ensure that the model is transparent. Additionally, the generalization of our model across
multiple data sets and imaging modalities and the use of Focal Loss to mitigate the effect of class imbalance
improve recall and sensitivity, making this deep learning model a reliable tool for clinical diagnostics. On
the whole, the Hybrid Mamba-Transformer is here to set a new standard in cardiovascular image analysis by
putting together segmentation, spatio-temporal learning, and interpretability in a frozen structure.
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Table 7: Performance comparison of the Hybrid Mamba-Transformer with existing models on segmentation tasks on
key metrics, including dice, IoU, sensitivity, and specificity.

. Sensitivity  Specificity HD95 Inference
0y 0,
Study Model Dice (%) IoU (%) (%) (%) (mm) Time (ms)
Hybrid Mamba  SAM-Med2D +
Transformer Transformer 91.20 89.20 90.80 91.10 2.10 210
(our model) with MAMBA
Lin et al. [21] DSA 85.50 78.90 84.30 88.40 4.50 150
ﬁ MDenseNet201
Mandava [15] IDRSNet 87.00 82.30 86.10 87.50 4.00 140
Yang et al. [16] Msv Mamba 88.20 83.10 87.00 88.50 3.80 160
Nazari WGAN 84.60 79.60 82.40 86.70 5.00 155
etal. [22]
Deng and
NCM-Net 83.70 78.50 80.20 85.30 5.20 165
Wu [23]

Table 8: Performance comparison of the Hybrid Mamba-Transformer against existing models on classification tasks,
point out accuracy, precision, recall, F1-score, and AUC.

Accuracy Precision Recall FlScore AUC Specificity Sensitivity Log
Model M
Study ode (%) (%) (%) %) (%) (%) (%) €€ Loss
Hybrid Mamba SAM-Med2D
Transformer + Transformer 92.10 92.50 91.80 91.10 9550 94.00 93.10 0.84 0.24
(our model) with MAMBA
Lin et al. [21] DSA 88.50 87.80 86.40 86.80 90.10  89.50 84.00 0.75 0.31
, MDenseNet201
Mandava [15] IDRSNet 89.10 88.20 86.70 87.40 91.20  89.80 84.50 0.76 0.28
Yang et al. [16] Msv Mamba 86.30 84.90 83.10 83.90 88.50 8730 80.60 0.70 0.35
eg\i“l‘ze[‘;] WGAN 8520 8300 8070 8180 8710 8580 7940  0.68  0.37
Deng and
ﬁ NCM-Net 84.70 82.10 79.80 80.90 86.00  84.50 - - -
Wu [23]

4.7 Computational Efficiency and Robustness

This part measures Hypercube Hybrid ptiles’ efficacy and sturdiness with key measures, such as time
per sample for the integer, model parameters, and FLOP (Floating Point Operations Per Second). These
characteristics are of significant importance to learn more about the complexity and the computational cost
of the model, but also about its deployability for clinical use. In addition, we perform sensitivity tests to
understand the robustness of the model under different kinds of real-world distortions (noise, image rotation,
and changes in resolution). Computational efficiency comparison between Hybrid Mamba-Transformer and
other state-of-the-art models in terms of inference time, model parameters, and FLOPs can be seen in Table 9.
The tests deal with difficulties usually faced in medical imaging, such as noise, the rotation of the images,
and varying the quality of an image. The comparison with state-of-the-art models demonstrates the trade-
off between model complexity and clinical deployability, due especially to the complex components of the
model in the spatial and temporal aspects, and interpretability.
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Table 9: Computational efficiency comparison between Hybrid Mamba-Transformer and other state-of-the-art models
in terms of inference time, model parameters, and FLOPs.

Model Inference Time (ms) Parameters (Millions) FLOP (Billions)
Hybrid Mamba-Transformer
(Our Model) 210 85 150
DSA 150 35 50
MDenseNet201 IDRSNet 140 60 80
Msv Mamba 160 45 70
WGAN 155 70 120

The Hybrid Mamba-Transformer model has a slightly increased inference time (210 ms) at a sacrifice of
simpler models such as CardioTabNet (150 ms) and MDenseNet201-IDRSNet (140 ms) when compared to the
model. This contributes to the enhanced performance, such as spatio-temporal learning and interpretability
features (essential for clinical decision-making). The model’s 85 million parameters and 150 billion FLOPS
are much higher than simpler models, such as CardioTabNet (with 35 million parameters and 50 billion
FLOP), needed to enable the model’s high-level functionality of segmentation and classification. These
increases in computational cost make it possible for this model to undertake complex tasks with high levels
of accuracy, making it ideal for clinical environments where the ability to be transparent and perform well is
essential. Table 10 shows us the sensitivity test results proving the Hybrid Mamba-Transformer robustness to
noise, rotation, and resolution change, revealing its capability to keep its high performance under different
imaging conditions.

Table 10: Sensitivity test results proving the Hybrid Mamba-Transformer robustness to noise, rotation, and resolution
change, revealing its capability to keep its high performance under different imaging conditions.

Distortion Type  Dice (%) IoU (%) AUC (%) Sensitivity (%) Specificity (%) FI1-Score (%)

Original

o 91.20 89.20 95.50 91.80 92.10 91.15
(no distortion)
Noise
89.30 85.50 92.30 88.20 90.10 89.60
(Gaussian, g = 0.5)
Rotation 90.20 87.40 93.70 89.60 91.20 90.30
(£30 degrees)
Resolution
8710 83.00 91.20 85.50 89.00 86.40
Decrease (50%)
Noise 85.90 81.80 89.80 83.00 8750 84.70
(Gaussian, o = 1.0)
Rotation 86.30 82.60 90.00 84.20 88.30 85.10
(£45 degrees)

For testing the quality of the Hybrid Mamba-Transformer, we performed sensitivity testing by varying
various real-world scenarios depending on noise, image rotation, and resolution. These tests simulate typical



24 Comput Model Eng Sci. 2026;147(1):43

issues that medical imaging systems encounter, including noise snapping and variation in the image quality
due to rotation or image quality degradation.

The Hybrid Mamba-Transformer model shows great potential under various distortions, including
Gaussian noise, rotation, and resolution reduction. Despite a small reduction in performance (e.g., Dice
score decreased to 89.30% with noise), the model could achieve fairly high sensitivity (88.20%) and
specificity (90.10%), indicating that the model performed well with noisy and rotated images. Even with
elevated distortions such as increased noise or rotation, the model's AUC was still high, which suggests the
generalization ability and robustness of the proposed model and can be well-suited for clinical applications
where imaging conditions are varied. Two aspects of robustness, which are complementary in the proposed
framework, are illustrated in Fig. 7. The lack of amalgamation between CVD and non-CVD prediction scores
clearly demonstrates the stability of the probability outputs and high probability confidence in all the test
data sets shown in the left panel. The distribution of frames per sequence for EchoNet-Dynamic, CAMUS,
and UK Biobank CMR is shown in the right panel, which highlights the great temporal variability of these
3 datasets. Despite this heterogeneity, there is consistent performance from the model, even showing good
robustness to sequence length, frame rate, and computational load variations.

(b) CVD Classification Score Distribution Distribution of Frames per Sequence
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Figure 7: Gradable schemes for computational robustness evaluation of the proposed framework. (a) Distribution of
predicted CVD and non-CVD probability scores. Strong class separability. (b) Variation in the number of frames per
sequence in the three data sets springs from distance (e.g., temporal variability, stable model performance for variation
in computational burden).

5 Conclusion and Future Work

In this paper, we have proposed the Hybrid Mamba-Transformer framework for cardiovascular disease
detection, which effectively integrates SAM-Med2D for accurate segmentation, Mamba temporal modeling
for efficient temporal feature extraction, and Transformer spatial feature extraction for robust representation
learning. Infra architecture has also integrated Grad-CAM and SHAP (Model interpretability) to provide
transparent and actionable insights and tell clinicians about their model. Our model showed that it is better
at both segmentation and classification compared to state-of-the-art models in terms of several important
metrics such as Dice, AUC, and MCC, across various datasets, such as EchoNet-Dynamic, CAMUS, and
UK Biobank CMR. The spatio-temporal learning abilities of the Mamba model enable the framework to
learn both temporal and spatial dependency in the medical images, which is essential to operations like
dynamic cardiac MRI analysis. The Transformer backbone helps to extract spatial features better, and this
helps to improve the robustness of the model in identifying complex patterns in the given imaging data.
Despite the added complexity, the performance boost of the model offers a good trade-off in terms of
the computational cost, thus making it very appropriate for clinical environments where accuracy and
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interpretability are very important. The explainability features further enhance its clinical applicability and
ensure that medical professionals can have trust and validation in the model’s predictions, which is a key
requirement for adoption in the real-world clinical setting.

While the Hybrid Mamba-Transformer shows good performance, it also has certain defects, such as
comparatively high computational costs and longer inference time relative to simpler models, which affect
its deployment to real environments with limited available time. Future work will be spent on providing an
even more optimized framework by looking into more advanced optimization possibilities to reduce these
computation costs and inference time while still providing high accuracy in the diagnosis. Additionally,
combining federated learning may improve data privacy and make it possible for the model to be learned
across various medical centres around the world without compromising data security. Another area of
potential success is the investigation of multi-modal methods that use both imaging information and
information from clinical examination and genetic profile. Finally, the capability of the model to handle a
broader spectrum of cardiovascular conditions and longitudinal data will allow for further improvement in
its clinical usefulness in monitoring progressive disease and planning tailored treatment.
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