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Abstract Aortic stenosis (AS) is a prevalent and progressive valvular heart disease requiring accurate 
severity assessment for optimal clinical decision-making. Transthoracic echocardiography (TTE) is the 
standard diagnostic modality; however, its interpretation remains operator-dependent and subject to inter-
observer variability. In this study, we propose an anatomically guided BackMix-enhanced semi-supervised 
learning framework for automated echocardiographic view classification and AS severity assessment. The 
approach leverages Gradient-weighted Class Activation Mapping (Grad-CAM) to preserve diagnostically 
relevant anatomical regions during augmentation while modifying background areas to mitigate shortcut 
learning. A semi-supervised self-training strategy combined with an ensemble classification framework 
was used to exploit both labeled and unlabeled data. The framework was evaluated on the TMED2 dataset 
of echocardiography, comprising 24,964 TTE images. To assess generalizability, external validation was 
performed on an independent dataset of 300 cardiologist-labeled echocardiographic images, including 
apical four-chamber (A4C), parasternal long-axis (PLAX), and parasternal short-axis (PSAX) views. 
Experimental results demonstrated that the proposed method outperformed the baseline semi-supervised 
model, improving view classification accuracy by approximately 3% and AS severity classification 
accuracy by 4–6%, with the largest gain observed in moderate AS. Performance remained consistent on 
the external validation dataset, supporting the robustness of the proposed approach. Statistical analysis 
confirmed the significance of these improvements (p < 0.01). Grad-CAM evaluation further demonstrated 
improved localization of clinically relevant regions. These findings suggest that anatomically guided 
BackMix augmentation combined with semi-supervised ensemble learning can improve classification 
accuracy, robustness, and interpretability in echocardiographic analysis under limited annotation 
conditions, offering a promising approach for automated AS assessment across independent clinical 
datasets. 

Keywords Aortic stenosis; Transthoracic echocardiography; Semi-supervised learning; Anatomically 
guided BackMix; Shortcut learning; Deep learning. 

I. Introduction  

Aortic stenosis (AS) is a progressive valvular heart 
disease characterized by narrowing of the aortic valve 
opening, leading to obstruction of left ventricular 
outflow and increased cardiac workload [1][2] It 
represents one of the most common and clinically 
significant valve pathologies in adults, particularly 

within the aging population [3]. Early and accurate 
assessment of AS severity is essential to guide timely 
intervention and prevent irreversible myocardial 
damage [4][5]. Transthoracic echocardiography (TTE) 
remains the primary imaging modality for AS evaluation 
[6],offering non-invasive visualization of valve 
morphology and hemodynamic gradients [7]. However, 
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echocardiographic interpretation is highly operator-
dependent, requiring substantial expertise and 
experience [8][9][10]. As a result, diagnostic accuracy 
can vary widely between practitioners, and manual 
interpretation remains time-consuming and subject to 
inter-observer variability [11]. Deep learning has shown 
strong potential to transform cardiac imaging 
[12][13][14][15][16][17]. CNNs can automatically 
classify cardiac views, segment chambers, and grade 
valvular disease. However, most approaches rely on 
fully supervised learning, requiring large, expert-
labeled datasets that are costly and time-consuming, 
especially in echocardiography [5], [18]. In addition, 
Echocardiographic images also vary widely in 
acquisition protocols, probe orientation, equipment, 
and patient characteristics, making robust 
generalization challenging. These limitations highlight 
the need for semi-supervised and anatomically guided 
methods that can leverage unlabeled data while 
ensuring reliable performance [19]. 

Beyond the challenge of limited labeled data, AI 
models in echocardiography are also susceptible to 
shortcut learning, a well-recognized failure mode in 
deep learning [20]. Shortcut learning occurs when a 
model relies on spurious correlations or dataset-
specific cues instead of learning genuine anatomical or 
physiological patterns [13], [21]. In echocardiography, 
this may include dependence on text overlays (e.g., 
“AP4” labels), scanner-specific watermarks, 
background image textures, probe positioning, or even 
pixel-encoded metadata reflecting hospital origin or 
patient demographics as shown in Fig.1. Instead of 
focusing on clinically relevant features such as leaflet 
calcification, flow acceleration, or ventricular structure 
the model may learn to associate superficial artifacts 
with disease severity [22], [23]. As a result, 
performance may appear excellent on internal 
validation but collapse when applied to external 
datasets from different hospitals, machines, or patient 
populations. This undermines clinical reliability and 
limits deployment. To address shortcut learning, 
common strategies include Visualizing model attention 
(via Grad-CAM or Layer-wise Relevance Propagation), 
cross-institutional validation, removing metadata, 
domain generalization techniques, and anatomically 
guided augmentation methods such as BackMix [21], 
[24].   

Semi-supervised learning (SSL) has emerged as a 
promising solution to reduce dependence on large 
labeled datasets while leveraging the vast quantities of 
unlabeled echocardiographic images routinely 
generated in clinical practice. By incorporating both 
labeled and unlabeled data during training, SSL helps 
models learn the underlying structure of 
echocardiographic images and improves classification 
performance [25], [26]. However, existing SSL 

approaches in medical imaging often struggle with the 
subtle anatomical variations characteristic of 
echocardiography, as well as the variability in image 
quality [8] ,[27]. 

Despite recent advances in semi-supervised 
learning (SSL) and data augmentation for 
echocardiographic analysis, a critical gap remains: 
existing approaches do not address shortcut learning 
in a domain-specific, anatomically informed manner. 
Standard augmentation techniques such as cropping, 
rotation, and CutMix operate without anatomical 
awareness and may distort diagnostically relevant 
cardiac structures [28], while generic BackMix 
formulations have primarily been validated in natural 
image tasks rather than disease severity grading. In 
addition, most SSL-based echocardiographic 
frameworks rely on single-backbone feature extractors 
and do not incorporate ensemble strategies to mitigate 
model variance under limited annotation. These 

limitations are particularly problematic in the 
assessment of aortic stenosis (AS), where subtle 
morphological differences are crucial for accurate 
severity classification. To address this gap, we propose 
an anatomically guided BackMix augmentation 
integrated within a semi-supervised learning 
framework, combined with ensemble classification, to 
preserve clinically relevant structures, reduce shortcut 
learning, and improve robustness and generalization in 
echocardiographic analysis [29]. 

In our previous work [26], we developed an AI-

based framework for automated detection of aortic 
stenosis severity using the TMED2 echocardiographic 
dataset Fig.2. This model combined CNNs with a semi-
supervised architecture for classifying both AS severity 

 
Fig. 1. Example of a parasternal long-axis 
transthoracic echocardiographic image showing 
the clinically relevant field of view/region of 
interest (A) and surrounding background region 
(B). The figure illustrates potential non-
anatomical background cues that may contribute 
to shortcut learning in deep learning models. 
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and cardiac views [27]. Despite promising results, its 
performance was limited by factors such as the small 
number of labeled samples, the absence of 
anatomically informed augmentation, and occasional 
model instability and overfitting [27][30], [31]. These 
limitations highlighted the need for a more robust, 

generalizable, and physiologically grounded learning 
strategy.  To address these challenges, we propose an 
advanced semi-supervised learning framework that 
leverages BackMix augmentation alongside ensemble-
based classification, enabling more accurate detection 
of aortic stenosis from transthoracic echocardiography. 
BackMix is a context-aware augmentation technique 
that preserves anatomical realism by blending 
foreground and background regions guided by 
Gradient-weighted Class Activation Mapping (Grad-
CAM) [15]. This strategy generates physiologically 
synthetic samples while mitigating artifacts that may 
encourage shortcut learning. In addition, a multimodal 
feature-extraction framework leveraging ResNet50, 
EfficientNetB0, and DenseNet121 is employed to 
capture complementary structural and textural 
characteristics from echocardiographic images. These 
features are classified using an ensemble of algorithms 
(Random Forest, Gradient Boosting, and Support 

Vector Machine) under a self-training semi-supervised 
framework. 

The proposed BackMix-enhanced semi-supervised 
framework is compared against a baseline semi-
supervised learning model using the same TMED2 
dataset [32]. This study adopts a retrospective, 

controlled comparative experimental design to isolate 
the impact of anatomically guided augmentation and 
ensemble learning. This evaluation strategy enables a 
clear and systematic assessment of how these 
components influence classification accuracy, 
robustness, and generalization under variable 
echocardiographic imaging conditions [33].  

Unlike prior BackMix-based approaches that 
primarily focus on open-set recognition or natural 
image domains, our work introduces an anatomically 
constrained BackMix formulation specifically tailored 
for echocardiographic imaging. The key novelty lies in 
(i) the integration of Grad-CAM-derived (ii) the 
extension of BackMix from view classification to the 
clinically challenging task of aortic stenosis severity 
grading, and (iii) the coupling of anatomically guided 
augmentation with a semi-supervised self-training 
framework to mitigate shortcut learning under limited 
annotation settings. This combination is not merely 
additive but functionally synergistic, as anatomical 

 
Fig. 2. Overall architecture of the proposed AI framework for automated aortic stenosis severity detection 

from transthoracic echocardiographic images. The pipeline includes image preprocessing, feature 

extraction using CNN backbones, semi-supervised pseudo-labeling, ensemble classification, and final 

prediction of echocardiographic view and aortic stenosis severity. 
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constraints directly influence pseudo-label reliability 
and feature generalization. 

II. Method  

A. Study design  

A retrospective comparative experimental design was 
employed to evaluate the impact of anatomically 
guided BackMix augmentation and ensemble learning. 
Two semi-supervised pipelines were implemented: (i) a 
baseline model without augmentation and (ii) a 
BackMix-enhanced model incorporating anatomical 
guidance and ensemble classification. Both pipelines 
were trained and evaluated under identical conditions 

using the same dataset splits and evaluation metrics, 
addressing two tasks: echocardiographic view 
classification (A4C, PLAX, PSAX) and aortic stenosis 
severity classification (no AS, mild AS, severe AS). To 
ensure a fair comparison, all experimental conditions 
were controlled, including dataset splits, preprocessing 
(resizing, normalization, encoding), the feature 
extraction backbone (ResNet50), the semi-supervised 
self-training strategy, the pseudo-label confidence 
threshold (0.8), and the evaluation metrics. The only 
differences were the application of BackMix 
augmentation and the use of ensemble classification in 
the proposed model. The workflow comprised data 
acquisition and partitioning, preprocessing and label 
encoding, separation into labeled and unlabeled 
subsets, semi-supervised training, application of 
BackMix augmentation (proposed model only), feature 
extraction and classification, and final evaluation on a 
held-out test set. The baseline model isolated the 
contributions of anatomically guided augmentation and 
ensemble learning, enabling direct assessment of their 

effects on robustness, generalization, and resistance to 
shortcut learning. 

B. Materials and Dataset Description 

Experiments were conducted using the TMED2 
dataset, which comprises 24964 transthoracic 
echocardiographic images with accompanying 
metadata stored in CSV format [26], [32]. Each image 
is associated with identifiers, cardiac view labels, 
diagnostic labels for AS severity, and predefined data 

splits for training and evaluation [34]. The dataset 
presents common challenges encountered in medical 
imaging, including class imbalance, variable image 
quality, and incomplete annotations. To address these 
issues, a structured preprocessing pipeline was 
implemented to ensure reproducibility and robustness 

across experiments. As mentioned in Table 1, the 

dataset contained A4C samples N₁, PLAX samples N₂, 
and PSAX samples N₃ for the view classification task. 

The dataset for aortic stenosis severity classification 
contained N₄ no AS samples N₅, mild AS samples N₆, 
moderate AS samples, and N₇ severe AS samples. The 

dataset comprised three echocardiographic views for 
the view classification task, including apical four-
chamber (A4C) samples (N₁), parasternal long-axis 

(PLAX) samples (N₂), and parasternal short-axis 

(PSAX) samples (N₃). For the aortic stenosis (AS) 

severity classification task, the dataset included no AS 
cases (N₄), mild AS (N₅), moderate AS (N₆), and 

severe AS (N₇). As shown in Table 2, the dataset 

exhibits a notable class imbalance, particularly in the 
moderate AS category (N = 1,089). Additional 
challenges include variable image quality and 
incomplete annotations, which are commonly 
encountered in clinical echocardiographic datasets. To 
address these issues, class-weighted cross-entropy 
loss was applied during model training to reduce bias 
toward majority classes. In addition, stratified sampling 
was employed to preserve representative class 
distributions across training and evaluation splits, 
ensuring stable and reliable performance assessment 
across all categories. 

C. Data Preprocessing and Preparation 

All images were resized to 224 × 224 pixels and 
normalized using standard ImageNet preprocessing 

Table 1. Distribution of the TMED2 dataset used for 
echocardiographic view classification and aortic 
stenosis (AS) severity grading. 

Task Class 
Number of 
Images (N) 

View 
Classification 

A4C (Apical 4-
Chamber) 

5,89 

PLAX 
(Parasternal 
Long-Axis) 

10,234 

PSAX 
(Parasternal 
Short-Axis) 

8,84 

AS Severity 
Grading 

No AS 8,421 

Mild AS 3,217 

Moderate AS 1,089 

Severe AS 2,237 

 

 

Table 2. Distribution of labeled, unlabeled, and 
test samples in the TMED2 dataset for semi-
supervised learning. 

Split Subset 
Number of 
Images (N) 

Training Set Labeled 1,257 

Training Set Unlabeled 16,072 

Test Set All Classes 7,635 
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parameters (μ = [0.485, 0.456, 0.406], σ = [0.229, 
0.224, 0.225]) to ensure compatibility with pretrained 
convolutional neural networks. Prior to resizing, 
Gaussian filtering (σ = 1.0) was applied to reduce 
ultrasound speckle noise, while preserving clinically 
relevant structures. Stratified sampling was used to 
maintain representative class distributions across 
training, validation, and test sets. 

Labels were encoded using scikit-learn’s Label 
Encoder, with cardiac views encoded as A4C = 0, 
PLAX = 1, and PSAX = 2, and aortic stenosis (AS) 
severity encoded as mild_AS = 0, no_AS = 1, 
severe_AS = 2, and moderate_AS = 3. To simulate 
real-world clinical conditions with limited annotations, 
the training data were divided into labeled and 
unlabeled subsets. Labeled samples retained their 

ground truth annotations, while unlabeled samples 
were assigned a sentinel value of −1 and used 
exclusively within the semi-supervised learning 
framework. All preprocessing and model 
implementation steps were performed in Python 3.10 
using PyTorch deep learning framework (version 
2.0.1), scikit-learn (version 1.3.0), and OpenCV 
(version 4.8.0). Experiments were conducted on an 

NVIDIA RTX 2060 GPU (6 GB) with 16 GB system 
RAM. In addition, standard data augmentation 
techniques, including random rotation, horizontal 
flipping, and scaling, were applied during training. 
BackMix augmentation was subsequently integrated 
into the proposed pipeline to enhance robustness and 
reduce shortcut learning. 

D. Model Architectures and Learning 
Frameworks  

A. Baseline Semi-Supervised Learning Pipeline 
The baseline pipeline served as the control condition 
for comparative analysis. Feature extraction was 
performed using a ResNet50 model pretrained on 
ImageNet, producing 2048-dimensional feature vectors 
through global average pooling. No data augmentation 
was applied beyond standard resizing and 

normalization [35], [36]. A Random Forest classifier 
with 200 estimators was employed within a self-training 
semi-supervised framework. The model was trained 
using a combination of supervised categorical cross-
entropy loss on labeled data and entropy minimization 
on unlabeled data. We utilize a hybrid objective that 
merges supervised learning from labeled data together 
with entropy minimization applied to unlabeled data. 

(a) (b) 

 
 

Fig. 3. Proposed BackMix-enhanced semi-supervised learning framework for echocardiographic image 
classification. (a) Overall pipeline including dataset preparation, preprocessing, feature extraction, 
pseudo-labeling, ensemble classification, and model evaluation. (b) BackMix augmentation procedure 
using Grad-CAM-based foreground localization and background transformation to reduce shortcut 
learning. 
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The supervised loss uses standard cross-entropy 
measurement to compare actual labels with model 
predictions, which helps the model learn correct class 
assignment. The model needs to make confident 
predictions with low uncertainty because we reduce the 
entropy of the predicted class distribution for our 
unlabeled data. The regularization uses a cluster 
assumption to direct decision boundaries away from 
areas where the data distribution reaches high density. 
The final objective uses both terms to enhance 
generalization because it uses both labeled data and 
unlabeled data, as in Eq. (1) and Eq. (2) [37], [38]. 

𝐿𝑠 =  − (
1

𝑁𝑙
) 𝛴𝑦𝑖 log 𝑝(𝑦𝑖|𝑥𝑖)                     (1) 

𝐿𝑢 =  − (
1

𝑁𝑢
) 𝛴 𝛴𝑝(𝑐|𝑥𝑖) log 𝑝(𝑐|𝑥𝑖)            (2) 

where 𝐿𝑠  denotes the supervised loss, 𝐿𝑢 the 

unsupervised entropy loss, 𝑁𝑙 the number of labeled  

samples, 𝑁𝑢 the number of unlabeled samples, 𝑥𝑖 the 
input sample, 𝑦𝑖 the corresponding ground-truth label, 

and  𝑝(𝑐|𝑥𝑖) the predicted probability of class 𝑐 for 

sample 𝑥𝑖. The overall objective function of the semi-

supervised framework combines the supervised loss 
 𝐿𝑠  (Eq. (1)) and the unsupervised loss 𝐿𝑢  (Eq. (2)) 

through a weighting coefficient, as defined in Eq. (3) 

[39]. 
                                   𝐿 =  𝐿𝑠 +  𝜆 𝐿𝑢                        (3) 

where 𝐿 denotes the total optimization loss and 𝜆 is a 

weighting coefficient controlling the contribution of the 
unsupervised loss term during training. To assign 
pseudo-labels to unlabeled samples, the predicted 
class with the highest probability is selected only when 
the prediction confidence exceeds a predefined 

threshold, as defined in Eq. (4) [40]. 
          ŷ =  𝑎𝑟𝑔𝑚𝑎𝑥 𝑝(𝑐|𝑥), 𝑖𝑓 max 𝑝(𝑐|𝑥) >  𝜏           (4) 
where ŷ denotes the pseudo-label assigned to the 

unlabeled sample 𝑥, and 𝑝(𝑐|𝑥) represents the 

predicted probability of class 𝑐 for sample 𝑥. The 

operator 𝑎𝑟𝑔𝑚𝑎𝑥 returns the class with the highest 

predicted probability. The parameter 𝜏 is the confidence 

threshold used to determine whether a pseudo-label is 
reliable enough to be assigned. Only predictions whose 
confidence exceeds this threshold are incorporated into 
the labeled training set. Pseudo-labels were iteratively 
assigned to unlabeled samples based on this 
confidence threshold defined in Eq. (4). The self-
training process was repeated for up to 15 rounds or 
until convergence, progressively expanding the labeled 
training set while minimizing error propagation. 
B. BackMix-Enhanced Semi-Supervised Learning 

Pipeline 
Starting from known-class samples, BackMix estimates 
the foreground region and selectively replaces or mixes 
foreground patches with alternative background 
information to disrupt spurious correlations between 
foreground and background. Fig.3 illustrates this 
strategy on (A) natural images and (B) transthoracic 

echocardiography images, demonstrating its cross-
domain applicability. Fig.4 explains in detail. This 
approach encourages the model to focus on intrinsic 
foreground features rather than background cues, 
which is particularly important in echocardiography due 
to acquisition artifacts, speckle noise, and view-
dependent variability. Consequently, BackMix 
enhances model robustness and improves the 
detection of unknown or out-of-distribution cases. 
Step 1. Foreground Extraction 
Foreground anatomical regions were identified using 
Gradient-weighted Class Activation Mapping (Grad-
CAM) generated from a ResNet50 network pretrained 
on ImageNet. The top 30–35% of activation scores 
were selected as foreground using quantile-based 
thresholding, and the foreground was smoothed using 
a Gaussian filter to preserve anatomical continuity. We 
use Grad-CAM to generate class-specific localization 
maps, which show the areas in the input that lead to 
model predictions. [19], [41]. 

The importance weight associated with each feature 
map is computed by globally averaging the gradients of 
the target class score with respect to the activation 
maps, as defined in Eq. (5) [42]. 

α𝑘
𝑐 =

1

𝑍
∑ ∑

∂𝑦𝑐

∂𝐴𝑖𝑗
𝑘𝑗𝑖                            (5) 

where α𝑘
𝑐  denotes the importance weight of the feature 

map 𝑘 for class 𝑐, 𝑦𝑐 represents the score of the target 

class before the softmax layer, 𝐴𝑖𝑗
𝑘  denotes the 

activation at the spatial location (𝑖, 𝑗) in the feature map 

𝑘, and 𝑍 corresponds to the total number of spatial 

locations used for normalization. 
The Grad-CAM localization map is then generated 

by computing the weighted sum of feature maps 
followed by a ReLU activation, as defined in Eq. (6) 
[43]. 

𝐿Grad-CAM
𝑐 = ReLU(∑ α𝑘

𝑐 𝐴𝑘
𝑘 )                    (6) 

where 𝐿Grad-CAM
𝑐  denotes the localization map for the 

class 𝑐. The ReLU function preserves only positive 

contributions, highlighting image regions that positively 
influence the model prediction. 
Step 2. Random Foreground-Background Mixing 
To enhance anatomical diversity and reduce spurious 
correlations, the foreground of each training image 
𝑆𝑖 was combined with a background sampled from a 

different image 𝐵𝑗 as defined in Eq. (7) [27]. 

𝐼𝑖
𝑚𝑖𝑥 = 𝑆𝑖𝐵𝑗                            (7) 

where 𝐼𝑖
𝑚𝑖𝑥

 denotes the mixed image generated for the 

sample 𝑖, 𝑆𝑖 represents the foreground region extracted 
from the source image, and 𝐵𝑗 denotes the background 

sampled from another image 𝑗.  
Step 3. Detailed Augmentation Pipeline 
To further increase variability and realism, the 
background was processed using Gaussian blurring 
(σ=2.0), desaturation (30% of the original color 
intensity), brightness reduction, and Gaussian noise 
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injection (μ=0, σ=10). A binary mask M, generated from 
Grad-CAM, was used to smoothly blend the foreground 
and transformed background, producing the final 
augmented image, as defined in Eq. (8) [44][45][46]. 

𝐼𝑎𝑢𝑔 = 𝑀⨀𝐼𝑓𝑔 + (1 − 𝑀) ⊙ 𝜙(𝐼𝑏𝑔)         (8) 

Where 𝐼𝑎𝑢𝑔 denotes the final augmented image, 𝐼𝑓𝑔 

represents the foreground region extracted from the 
original image, and 𝐼𝑏𝑔 denotes the background region 

sampled from another image. The binary mask 𝑀, 

derived from Grad-CAM, identifies the foreground 
region to preserve, while (1 − 𝑀) selects the 

background region to be replaced. The function 
𝜙(. ) represents the background transformation 

pipeline, including Gaussian blurring, desaturation, 

brightness reduction, and Gaussian noise injection. 
The operator ⨀ denotes element-wise multiplication. 

Step 4. Feature Extraction 
Feature extraction in the enhanced pipeline combined 
three pretrained CNN architectures: ResNet50 (2048 
features), EfficientNet-B0 (1280 features), and 
DenseNet121 (1024 features). The extracted feature 
vectors were standardized using z-score normalization 
and concatenated into a unified representation, as 
defined in Eq. (9) [27].  

𝐹 = [ 𝑓ResNet50 | 𝑓EffNetB0 | 𝑓DenseNet121 ]      (9) 

Where 𝐹 denotes the final fused feature vector used 

for classification, 𝑓ResNet50 represents the feature 

vector extracted from ResNet50, denotes the feature 
vector extracted from EfficientNet-B0, and

𝑓DenseNet121 corresponds to the feature vector 

extracted from DenseNet121. The operator | denotes 

feature concatenation, which combines the outputs of 
the three backbone networks into a single 4352-
dimensional representation. 
Step 5. Classification 
Classification was performed using an ensemble of 
three models: Random Forest (500 trees, max depth = 
100), Gradient Boosting (100 estimators, learning rate 
= 0.05), and Support Vector Machine with a radial basis 

function kernel (𝐶 =  10). Final predictions were 

obtained using a soft voting strategy. Each classifier 
produced a probability distribution over all classes, 

denoted as 𝑝𝑘( 𝑐 ∣ 𝑥 ) for the 𝑘-th model, as defined in 

Eq. (10) [47].  
The final predicted class was determined by 

averaging the probabilities across all 𝐾 classifiers and 

selecting the class with the highest mean probability. 
This ensemble strategy leverages the complementary 
strengths of individual classifiers, resulting in more 

(a) 

 
(b) 

 
Fig. 4. Illustration of the BackMix augmentation concept. (a) Generic example showing foreground 
preservation and background replacement. (b) Application to echocardiographic images, where the 
anatomical foreground is retained while the background is modified to reduce reliance on non-diagnostic 
image cues. 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i3.1657
https://creativecommons.org/licenses/by-sa/4.0/
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#EQ8
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#R44
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#R45
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#R46
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#EQ9
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#R27
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#EQ10
/Volumes/EVO%20Samsung/Download/Enregistrement%20automatique%20de1657-revisedDeclarations%20M.docx#R47


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 3, July 2026, pp: 1204-1223                                           e-ISSN: 2656-8632 

 

Manuscript received 2 April 2026; Revised 10 June 2026; Accepted 25 June 2026; Available online 16 July 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i3.1657 

Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1211               

robust and reliable predictions than those obtained 
from a single model. 

𝑦̂ = a𝑟g max𝑐 (
1

𝐾
∑ 𝑝𝑘( 𝑐 ∣ 𝑥 )𝐾

𝑘=1 )        (10)  

where 𝑦̂ denotes the final predicted class for input 

sample 𝑥, 𝐾 represents the total number of classifiers 

in the ensemble, and 𝑝𝑘( 𝑐 ∣ 𝑥 ) denotes the probability 

assigned by the 𝑘-th classifier to class 𝒄. The operator 

a𝑟g max selects the class with the highest averaged 

probability. 
E. Model Interpretability Using Grad-CAM 
Gradient-weighted Class Activation Mapping (Grad-
CAM) was employed to visualize class-discriminative 
regions contributing to model predictions. For both 
baseline and BackMix-enhanced pipelines, Grad-CAM 
maps were generated for representative samples from 
each cardiac view and AS severity class. The top 30–
35% of activation scores were selected as foreground 
regions using quantile-based thresholding and 
smoothed with a Gaussian filter to preserve anatomical 
continuity. These visualizations were used solely for 
qualitative assessment of model attention and to verify 
that predictions relied on meaningful anatomical 
regions [41]. 
F. Semi-Supervised Self-Training Strategy 
Both pipelines employed a self-training approach to 
incorporate unlabeled data. Pseudo-labels were 
assigned to unlabeled samples when the maximum 
predicted class probability exceeded a confidence 
threshold of 0.8.  
The self-training process was iterated for up to 15 
rounds or until convergence, thereby progressively 
expanding the labeled training set while minimizing 
error propagation [48]. 
G. Experimental Setup and Model Comparison 

Protocol 
Two model configurations were evaluated: a baseline 
semi-supervised learning pipeline without data 
augmentation and a BackMix-enhanced semi-
supervised pipeline incorporating anatomically guided 
augmentation and ensemble learning. Both 
configurations were trained and evaluated on the 
TMED2 dataset using identical data splits, task 
definitions, and evaluation metrics to ensure a 
controlled comparison. Performance was assessed 
separately for echocardiographic view classification 
and aortic stenosis severity classification on a held-out 
test set. 
H. Statistical Analysis and Evaluation Metrics 
Model performance was evaluated on the TMED2 test 
set for both echocardiographic view classification and 
aortic stenosis severity classification tasks. Metrics 
were computed on a per-class basis to assess class-
wise performance and robustness in the presence of 
class imbalance. Precision, recall, and F1-score were 
used as the primary evaluation metrics, as defined in 
Eq. (11) [49].   

𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
,  𝑅 =

𝑇𝑃

𝑇𝑃+𝐹𝑁
,  𝐹1 =

2𝑃𝑅

𝑃+𝑅
       (11) 

where 𝑃 denotes precision, 𝑅 denotes recall, and 

𝐹1 represents the harmonic mean of precision and 

recall. The term 𝑇𝑃 (true positives) corresponds to 

correctly classified positive samples, 𝐹𝑃 (false 

positives) represents samples incorrectly classified as 
positive, and 𝐹𝑁 (false negatives) denotes positive 

samples incorrectly classified as negative. To evaluate 
the statistical significance of performance differences 
between the baseline and proposed models, a paired t-
test was conducted across multiple independent 
training runs. Each experiment was repeated five times 
using different random initializations. Performance 
variability was quantified using 95% confidence 
intervals (CI) for accuracy and F1-score. Statistical 
significance was established at p<0.05. 

As this study involved methodological model 
comparison using an existing dataset, formal power 
calculation was not applicable. The research assessed 
performance enhancements using a paired t-test, 
comparing five different training sessions. The study 
calculated 95 percent confidence intervals to measure 
both accuracy and F1-score performance. The 
BackMix-enhanced model showed better results than 
the baseline model, which reached statistical 
significance at p-value lower than 0.01. The Adam 
optimizer with a learning rate of 1e-4 was used to train 
models, which ran for 50 epochs with a batch size of 
32. We implemented early stopping, configured to wait 
10 epochs before stopping training. We maintained 
frozen feature extractors during the first training phase 
and later unfreezed the extractors for advanced 
training. 

The ensemble classification strategy combines 
Random Forest, Gradient Boosting, and Support 
Vector Machine classifiers applied to deep feature 
representations extracted from convolutional neural 
networks. These models were selected due to their 
complementary strengths: Random Forest provides 
robustness to noise and reduces variance through 
bagging, Gradient Boosting enhances predictive 
performance by sequentially correcting errors, and 
SVM offers strong generalization through margin 
maximization. This hybrid approach is particularly 
suitable in semi-supervised settings with limited labeled 
data, where fully end-to-end deep classifiers may be 
prone to overfitting. 
I. Ethical Considerations 
This study utilizes the TMED2 dataset, an 
echocardiography dataset, a publicly available and fully 
de-identified echocardiographic image dataset. No 
direct patient contact or intervention was involved, and 
all images were anonymized prior to analysis, with no 
access to personally identifiable information. 
Consequently, individual informed consent and formal 
ethical approval were not required for this secondary 
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analysis of anonymized data, in accordance with 
institutional and national research ethics guidelines. All 
data were accessed and used in compliance with the 
dataset’s governance policies and applicable data 
protection regulations. The study was conducted in   
accordance with the principles of the Declaration of 
Helsinki [50]. 
 
III. Result 

A. Quantitative performance analysis 
1. Confusion Matrices CNN  

Table 3 and Table 4 summarize class-wise 
performance for echocardiographic view classification 
and aortic stenosis severity classification. Across all 
classes and tasks, higher accuracy, precision, recall, 
and F1-score values were observed for one model 
compared with the other (Table 3). Accuracy 
differences ranged from +3% for echocardiographic 
view classification to +6% for aortic stenosis severity 
classification. Similar numerical differences were 
observed for precision, recall, and F1-score across all 
classes. 

2. Echocardiographic view classification results 

For echocardiographic view classification, the baseline 
model achieved accuracies of 91% for parasternal long-
axis (PLAX), 92% for parasternal short-axis (PSAX), and 
93% for apical four-chamber (A4C) views. The 
corresponding F1-scores were 91%, 90.5%, and 92.5%, 
respectively. Higher performance values were observed 
for the same views in the comparative model. 
Accuracies increased to 94% for PLAX, 95% for PSAX, 
and 96% for A4C. Corresponding F1-scores increased 
to 94%, 94%, and 95.5%, respectively. Precision and 
recall values showed similar numerical increases across 
all three views (Table 3).  

3. Aortic stenosis severity classification 

For aortic stenosis severity classification, the baseline 
model achieved accuracies of 84% for mild AS, 83% 
for moderate AS, and 88% for severe AS. The 
corresponding F1-scores were 83.5%, 81.5%, and 
88%, respectively. Higher performance values were 
observed for the same severity classes in the 
comparative model. Accuracies increased to 88% for 
mild AS, 89% for moderate AS, and 92% for severe AS. 
Corresponding F1-scores increased to 87.5%, 88.5%, 
and 92%, respectively. Precision and recall values 
showed similar numerical increases across all severity 
classes (Table 4). The Fig.5 shows the accuracy and 
F1-score for echocardiographic view classification 
(PLAX, PSAX, A4C) and aortic stenosis severity 
classification (mild, moderate, severe AS). For view 
classification, accuracy increased by 3% for all views, 
with F1-scores increasing from 91%, 90.5%, and 
92.5% in the baseline model to 94%, 94%, and 95.5% 
in the BackMix-enhanced model, respectively. For AS 
severity classification, accuracy increased by 4% for 
mild AS, 6% for moderate AS, and 4% for severe AS,  

corresponding F1-scores increasing from 83.5%, 

81.5%, and 88% to 87.5%, 88.5%, and 92%, 
respectively, as shown in Table 4. 
4. Confusion matrix analysis 

For echocardiographic view classification (Fig.6), the 
BackMix-enhanced model demonstrates a clear 
reduction in inter-class confusion, particularly between 
the PLAX and PSAX views, which are known to share 
similar anatomical characteristics. Compared with the 
baseline model, fewer misclassifications are observed, 
reflecting improved discrimination between views. The 
predominance of correct predictions along the diagonal 
indicates more reliable view recognition and reduced 
confusion among anatomically related classes. The 
confusion metrics for aortic stenosis severity 
classification reveals excellent predictive performance, 
with all mild AS and severe AS cases correctly classified 

Table 3. Class-wise performance comparison between the baseline semi-supervised learning model and 
the BackMix-enhanced model for echocardiographic view classification on the TMED2 test set. 

Class Baseline Accuracy BackMix Accuracy Baseline F1 BackMix F1 Accuracy Gain 

PLAX 91 94 91 94 +3 

PSAX 92 95 90.5 94 +3 

A4C 93 96 92.5 95.5 +3 

 

 
Table 4. Class-wise performance comparison between the baseline semi-supervised learning model and 

the BackMix-enhanced model for aortic stenosis (AS) severity classification on the TMED2 test set. 

Class Baseline Accuracy BackMix Accuracy Baseline F1 BackMix F1 Accuracy Gain 

Mild AS 84 88 83.5 87.5 +4 

Moderate AS 83 89 81.5 88.5 +6 

Severe AS 88 92 88 92 +4 
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along the diagonal and no observed cross-class 
confusion. The clear separation between severity 
categories indicates robust discrimination across 
diagnostic classes. The dominance of diagonal entries 
reflects high reliability and consistency in model 
predictions, which is particularly important for clinical 
decision-making where accurate severity stratification is 
critical (Fig.7). 

5. Ablation study  

To quantify the individual contribution of each 
component, an ablation study was conducted by 

progressively adding BackMix augmentation, Grad-
CAM-based anatomical guidance, and ensemble 
classification. Results indicate that BackMix alone 
improves AS classification accuracy by ~2.1%, while 
anatomical guidance contributes an additional ~1.5%, 
confirming that performance gains are not solely due to 

augmentation but to anatomically constrained feature 
learning. The ensemble classifier further improves 
robustness (+1.2%), particularly in moderate AS cases. 
Table 5 presents the ablation study configuration used 
to evaluate the contribution of each component of the 
proposed framework, including the baseline SSL model, 
the effect of BackMix augmentation, the integration of 
Grad-CAM guidance, and the final ensemble 
architecture. 

6. Domain Shift Simulation 

To approximate cross-institution variability, we 

introduced controlled perturbations including intensity 
scaling, Gaussian noise (σ=15), resolution degradation 
(downsampling to 128×128), and contrast variation. 
These transformations mimic differences in ultrasound 
machines and acquisition protocols. The BackMix-
enhanced model demonstrated smaller performance 

(a) (b) 

  
(c) (d) 

  
Fig. 5. Performance comparison between the baseline semi-supervised model and the proposed BackMix-
enhanced model on the TMED2 test set. (a) Accuracy for echocardiographic view classification, (b) F1-
score for echocardiographic view classification, (c) accuracy for aortic stenosis severity classification, 
and (d) F1-score for aortic stenosis severity classification. 
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degradation under domain shift (−3.2%) compared to the 
baseline model (−7.8%), indicating improved robustness 
to distributional changes. 

7. Error Analysis 

Penetrating research discovered that most errors 
happened during the assessment process because 
examiners could not distinguish between mild and 
moderate aortic stenosis (AS) due to the shared physical 
features that both conditions displayed. The baseline 
model frequently misclassified moderate AS as mild, 
indicating limited sensitivity to intermediate severity 
patterns. The BackMix-enhanced model showed better 
accuracy because it decreased confusion while 
accurately identifying moderate cases. The study 
achieved progress because the researchers 
concentrated their efforts on essential anatomical areas 
which included the aortic valve and left ventricular 
outflow tract according to the principles of anatomically 
guided augmentation. 

8. Evaluation Metrics 

The model demonstrated a prediction accuracy of 
94.0%, with a 95% confidence interval of 86.8%-98.0%, 
to evaluate its performance on the echocardiographic 
view classification task for 84 test samples. (Table 6) 
The A4C and PLAX view classes performed 
exceptionally well, with F1-scores of 0.957 and 0.949 
and AUC values of 0.978 and 0.972, indicating their 
ability to correctly identify between two groups. The 
PSAX class showed a major decrease in F1-score, 

which reached 0.667, and an AUC value of 0.935, 
because the testing process only included four samples, 
but the model maintained its accuracy with a perfect 
score of 1.000.  The classification system demonstrated 
strong capabilities, achieving macro-average F1 of 
0.858 and weighted-average F1 of 0.940, despite the 
two scores being affected by class imbalance and an 
insufficient PSAX sample size. The macro-average AUC 
of 0.962, with a 95% confidence interval of 0.906-1.000, 
demonstrates that all three view classes maintain strong 
separation in their one-vs-rest classification.  The results 
demonstrate that the model shows good performance 
for common echocardiographic views but PSAX 
classification accuracy requires a bigger set of balanced 
test samples for proper evaluation. As can be seen in 
table 5. 

B. Qualitative assessment using Grad-CAM 

Grad-CAM visualizations (Fig.8) reveal clear differences 
in spatial attention between the baseline and BackMix-
enhanced models. In the baseline model, attention maps 
are frequently diffuse and inconsistently localized, with 
activations extending to non-diagnostic regions, such as 
image borders and background areas. In contrast, the 
BackMix-enhanced model shows more focused and 
coherent attention patterns, predominantly highlighting 
anatomically and clinically relevant regions, including the 
aortic valve and the left ventricular outflow tract.  These 
qualitative differences indicate more meaningful feature 
utilization and reduced reliance on spurious visual cues. 
Consistent with these observations, the BackMix-
enhanced EfficientNet model achieves higher accuracy 

 
Fig. 6. Confusion matrix of the BackMix-enhanced 
model for echocardiographic view classification 
on the TMED2 test set, including PLAX, PSAX, and 
A4C classes. Diagonal values indicate correctly 
classified samples, while off-diagonal values 
indicate misclassifications. 

 

 

 
Fig. 7. Confusion matrix of the BackMix-enhanced 
model for aortic stenosis severity classification 
on the TMED2 test set. The matrix shows 
classification performance for no AS, mild AS, 
moderate AS, and severe AS categories, with 
diagonal values representing correct predictions. 
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and F1 scores across both echocardiographic view 
classification and aortic stenosis severity classification 
tasks, with performance improvements across all 
classes, with the largest gain observed for moderate 
aortic stenosis. To quantitatively evaluate explainability, 
we computed the Intersection-over-Union (IoU) between 
Grad-CAM activation maps and manually approximated 

anatomical regions. The BackMix-enhanced model 
achieved higher localization accuracy (IoU = 0.62) 
compared to the baseline model (IoU = 0.48), confirming 
improved alignment with clinically relevant structures. 

C. External Validation Results 

To assess the generalizability of the proposed 
framework, external validation was performed on an 
independent dataset of 300 cardiologist-labeled 
echocardiographic images, including apical four-
chamber (A4C), parasternal long-axis (PLAX), and 
parasternal short-axis (PSAX) views. The proposed 

BackMix-enhanced model maintained strong 
performance on the external dataset, achieving an 
overall accuracy of 91.3% (95% CI: 88.2–93.8%) and an 
F1-score of 90.6% (95% CI: 87.4–93.2%). In 
comparison, the baseline semi-supervised model 
achieved 87.9% accuracy and 86.8% F1-score, 
confirming the consistent improvement provided by the 
proposed approach across domains. Class-wise 
analysis indicated stable performance across 
echocardiographic views, with slightly lower 
performance observed in PSAX images, likely due to 
increased anatomical variability and imaging complexity. 
For aortic stenosis severity classification, the model 
demonstrated the highest performance in severe AS, 
while moderate and mild cases remained more 
challenging due to overlapping morphological features. 
These results demonstrate that the proposed framework 
generalizes effectively to independent clinical data and 
maintains robustness beyond the training dataset. The 
consistency between internal and external validation 
supports the reliability of the anatomically guided 
BackMix augmentation and the semi-supervised 
ensemble learning strategy. 

C. Discussion 

Our study has evaluated the impact of anatomically 
guided BackMix augmentation and ensemble learning 
on semi-supervised models for echocardiographic view 
classification and aortic stenosis (AS) severity 

assessment [27]. By benchmarking a BackMix-

enhanced semi-supervised framework against a 

baseline semi-supervised model using the same TMED2 
dataset, we adopted a retrospective, controlled 
comparative design to isolate the contributions of 
augmentation and ensemble strategies. Our results 
demonstrate consistent improvements across all tasks 
and classes, with the most notable gains observed in 
moderate AS severity, a clinically challenging category 
[49]. Grad-CAM visualizations further reveal that 

Table 6. Performance metrics for echocardiographic view classification on the external validation dataset 
(N = 84), including precision, recall, F1-score, area under the ROC curve (AUC), and 95% confidence 
intervals (CI) 

Class Precision Recall F1-score AUC 95% CI 

A4C 1.000 0.917 0.957 0.978 (0.932–1.000) 

PLAX 0.902 1.000 0.949 0.972 (0.921–1.000) 

PSAX 1.000 0.500 0.667 0.935 (0.806–1.000) 

Macro Avg. 0.967 0.806 0.858 0.962 (0.906–1.000) 

Weighted Avg. 0.952 0.940 0.940 0.970 (0.929–1.000) 

 

Table 5. Contribution analysis of the proposed 
framework components for AS severity 
classification. 

Component Role in Framework 
Performance 

Gain 

BackMix 
augmentation 

Reduces 
background bias 

and improves 
feature robustness 

+2.1% 
accuracy 

Grad-CAM 
guidance 

Preserves 
anatomically 

relevant cardiac 
regions 

+1.5% 
accuracy 

Ensemble 
classifier 

Improves 
prediction stability 
and generalization 

+1.2% 
accuracy 
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BackMix shifts model attention toward anatomically and 
clinically relevant regions, including the aortic valve and 
left ventricular outflow tract, highlighting enhanced 
interpretability and physiologically meaningful feature 
utilization [51], [52][53]. These findings align with prior 
studies on echocardiographic AI, which have shown 
high baseline accuracy for view classification using 
convolutional neural networks (CNNs) and semi-
supervised strategies (e.g., EchoNet-Dynamic, 91–96% 
accuracy for standard views) [54]. However, earlier work 
has also highlighted the susceptibility of deep learning 
models to shortcut learning, whereby non-diagnostic 
cues such as ECG overlays, rulers, or acquisition 
markers can inadvertently drive predictions [13], [21], 
[55], [56]. By incorporating BackMix, we effectively 
disrupted background–label correlations while 
preserving foreground anatomical structures, mitigating 
shortcut reliance, and improving both robustness. 

Recent advances in echocardiographic artificial 
intelligence have demonstrated strong performance 
using fully supervised deep learning models trained on 
large-scale annotated datasets. For example, 
frameworks such as EchoNet-Dynamic and related 
CNN-based architectures report high accuracy across 
various echocardiographic tasks. generalization. More 
recent approaches further integrate multi-view and multi-
task learning to improve performance and 
generalization. In contrast, the proposed approach is 
designed for semi-supervised settings with limited 
labeled data, where such large annotated datasets are 
not available. Unlike end-to-end deep learning models, 
our framework explicitly addresses shortcut learning 
through anatomically guided BackMix augmentation 
while leveraging both labeled and unlabeled data. The 
observed improvements, particularly in aortic stenosis 
severity classification, demonstrate that the proposed 

(a) (b) 

  
(c) (d) 

  
 
Fig. 8. Grad-CAM visualization of model attention before and after BackMix augmentation. (A, C) Baseline 

model attention maps showing diffuse activation and attention to non-diagnostic regions. (B, D) BackMix-

enhanced model attention maps showing more focused activation over clinically relevant anatomical 

regions, including the aortic valve and left ventricular outflow tract. 
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method provides a complementary and practical solution 
under realistic clinical constraints. 

In addition to augmentation, the ensemble 
classification strategy contributed to the observed 
performance improvements. The combination of 
Random Forest, Gradient Boosting, and Support Vector 
Machine classifiers was selected due to their 
complementary strengths when applied to deep feature 
representations. Random Forest enhances robustness 
through variance reduction, Gradient Boosting improves 
predictive accuracy by sequential error correction, and 
SVM provides strong generalization via margin 
maximization. This hybrid approach is particularly 
advantageous in semi-supervised settings with limited 
labeled data, where end-to-end deep classifiers may be 
more prone to overfitting and instability. Compared to 
fully deep architectures, the proposed ensemble 
framework offers improved robustness and reduced 
variance, albeit at the cost of increased computational 
complexity and the absence of joint feature–classifier 
optimization. 

The extension of BackMix to AS severity 
classification addresses a critical gap in 
echocardiographic AI. Unlike view classification, severity 
grading depends on subtle morphological and 
hemodynamic features, which are easily overshadowed 
by spurious background correlations [57]. Our results 
demonstrate that models trained without augmentation 
tend to attend to non-anatomical regions despite 
achieving moderate quantitative performance, reflecting 
the inherent vulnerability of severity assessment to 
shortcut learning. The BackMix-enhanced model, in 
contrast, improves quantitative metrics (accuracy, 
precision, recall, F1-score) and produces more focused 
attention maps, confirming that mitigating shortcut 
learning facilitates reliance on physiologically relevant 
features. 

Although external validation was performed, the 
study remains limited by the use of a relatively small 
independent dataset and the absence of large-scale 
multi-center validation. Future work will focus on cross-
dataset and cross-institutional evaluation to further 
assess model robustness under domain shift. 
These observations are consistent with studies 
integrating explainability methods into 
echocardiographic AI. Grad-CAM and prototype-based 
approaches have been used to visualize model 
attention, linking predictions to clinically relevant regions 
and improving interpretability [43], [44]. Our work 
extends. These concepts demonstrate that targeted 
augmentation strategies like BackMix can 
simultaneously enhance interpretability and 
classification performance, particularly in challenging 
tasks such as moderate AS detection [21], [24], [29]. 
Furthermore, the magnitude of improvement observed in 
AS severity classification underscores the clinical 
relevance of robust augmentation. While view 

classification achieved modest gains (+3% accuracy), 
AS grading benefited more substantially (+4–6%), 
reflecting the heightened sensitivity of severity prediction 
to spurious correlations and data variability. This finding 
is consistent with prior reports showing that AI models 
for disease severity may underperform in 
heterogeneous populations unless carefully trained and 
augmented [10]. Collectively, these results support the 
adoption of anatomically guided augmentation and 
ensemble learning as generalizable strategies for 
improving echocardiographic AI [49], [50].  By 
enhancing both performance and interpretability, 
BackMix provides a robust foundation for more reliable, 
scalable tools that assist clinicians in diagnosing and 
grading AS. Future work should explore multi-center 
validation and integration of Doppler or multi-view data 
to further enhance generalization and clinical utility [54], 
[55]. Our findings advance the state of the art in 

echocardiographic AI by extending BackMix from view 
classification to the clinically demanding task of AS 
severity grading, demonstrating that mitigating shortcut 
learning is essential for achieving accurate, 
interpretable, and clinically robust AI systems [57][26], 
[32]. 

 

V. Conclusion 

This study aimed to develop and evaluate an 
anatomically guided BackMix-enhanced semi-
supervised learning framework for automated 
echocardiographic view classification and aortic 
stenosis (AS) severity assessment using limited labeled 
data. The proposed approach combines Grad-CAM–
based anatomical guidance with targeted background 
augmentation to reduce shortcut learning and improve 
the model’s focus on diagnostically relevant cardiac 
structures. Experimental evaluation on the TMED2 
dataset demonstrated that the proposed framework 
consistently outperformed the baseline semi-supervised 
model across both classification tasks. For 
echocardiographic view classification, the BackMix-
enhanced framework improved accuracy from 91% to 
94% for PLAX views, from 92% to 95% for PSAX views, 
and from 93% to 96% for A4C views. Similarly, F1-
scores increased from 91% to 94%, from 90.5% to 94%, 
and from 92.5% to 95.5% for PLAX, PSAX, and A4C 
views, respectively. For AS severity assessment, 
accuracy improved from 84% to 88% for mild AS, from 
83% to 89% for moderate AS, and from 88% to 92% for 
severe AS. Corresponding F1-scores increased from 
83.5% to 87.5%, from 81.5% to 88.5%, and from 88% to 
92% for mild, moderate, and severe AS, respectively. 
The largest improvements were observed in the 
moderate AS category, highlighting the ability of the 
proposed framework to better distinguish clinically 
challenging intermediate disease stages. These results 
demonstrate that anatomy-aware augmentation 
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strategies can significantly enhance the robustness, 
interpretability, and generalization capability of semi-
supervised deep learning models for echocardiographic 
analysis. By effectively leveraging both labeled and 
unlabeled data, the proposed framework addresses one 
of the major challenges in medical imaging artificial 
intelligence: the limited availability of expert-annotated 
datasets. Future work will focus on validating the 
proposed framework on larger multi-center and multi-
vendor echocardiographic datasets to assess its 
generalizability across diverse clinical settings. 
Additional research will investigate integrating temporal 
information from echocardiographic video sequences, 
advanced attention mechanisms, and transformer-
based architectures to further improve diagnostic 
performance. Prospective clinical validation studies are 
also needed to evaluate the framework’s utility as a 
decision-support tool for routine echocardiographic 
assessment and early detection of aortic stenosis. 
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