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Abstract: Background/Objectives: Rapid and accurate assessment of lung diseases, like
pneumonia, is critical for effective clinical decision-making, particularly during pandemics
when disease progression can be severe. Early diagnosis plays a crucial role in preventing
complications, necessitating the development of fast and efficient AI-based models for
automated severity assessment. Methods: In this study, we introduce a novel approach
that leverages VMamba, a state-of-the-art vision model based on the VisualStateSpace (VSS)
framework and 2D-Selective-Scan (SS2D) spatial scanning, to enhance lung severity predic-
tion. Integrated in a parallel multi-image regions approach, VMamba effectively captures
global and local contextual features through structured state-space modeling, improving
feature representation and robustness in medical image analysis. Additionally, we integrate
a segmented lung replacement augmentation strategy to enhance data diversity and im-
prove model generalization. The proposed method is trained on the RALO and COVID-19
datasets and compared against state-of-the-art models. Results: Experimental results
demonstrate that our approach achieves superior performance, outperforming existing
techniques in prediction accuracy and robustness. Key evaluation metrics, including Mean
Absolute Error (MAE) and Pearson Correlation (PC), confirm the model’s effectiveness,
while the incorporation of segmented lung replacement augmentation further enhances
adaptability to diverse lung conditions. Conclusions: These findings highlight the potential
of our method for reliable and immediate clinical applications in lung infection assessment.

Keywords: pneumonia; lung diseases; automatic prediction; chest X-ray; severity
quantification; mamba; data augmentation

1. Introduction
Pneumonia remains a significant global health concern, contributing to high morbidity

and mortality rates, particularly among children, the elderly, and immunocompromised
individuals [1]. Timely detection is essential to initiate treatment, prevent complications,
and improve outcomes. Medical imaging plays a pivotal role in this process, with computed
tomography (CT), chest X-ray (CXR), and lung ultrasound commonly used in clinical
practice to support diagnosis, treatment planning, and disease monitoring. Among these
modalities, CXRs are widely adopted due to their broad availability, cost-effectiveness,
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and reduced radiation exposure, making them the preferred first-line screening tool for
pneumonia [2].

The widespread use of imaging has led to an overwhelming volume of data for
radiologists, increasing the risk of diagnostic variability and interpretation fatigue. In
response, artificial intelligence (AI) models have emerged as valuable tools to support
automated disease analysis, offering the potential to enhance diagnostic consistency and
alleviate clinician workload [3,4].

The development of deep learning has significantly transformed medical image analy-
sis. By enabling automated feature extraction and complex pattern recognition from imag-
ing data, deep learning methods have improved diagnostic precision and efficiency [5,6].
Unlike traditional machine learning approaches that rely on handcrafted features, deep
learning methods—particularly convolutional neural networks (CNNs) and transformer-
based architectures—can learn hierarchical representations directly from raw medical
images. This capability allows deep learning models to excel in various medical imaging
tasks, including disease detection, segmentation, severity quantification, and prognosis
prediction [7,8]. When trained on large datasets, deep models can identify subtle radio-
graphic signs that may be overlooked in manual reviews, contributing to more standardized
and reproducible assessments [9–11].

CNNs have long been the foundation of medical image analysis, yet their limited abil-
ity to capture global dependencies has led to the adoption of alternative architectures [12].
Vision Transformers (ViTs), leveraging self-attention mechanisms, have demonstrated
strong global feature learning but often require extensive data and computational
resources [13]. Moreover, ViTs may struggle with capturing localized details critical to
certain medical tasks. Recently, structured state-space models (SSMs), such as Mamba,
have emerged as an effective alternative, combining memory-efficient sequential process-
ing with scalability [14–16]. These models are particularly well-suited to tasks requiring a
detailed understanding of anatomical structures and the spatial progression of disease.

In this study, we propose a deep learning framework that integrates a VMamba-based
encoder with a parallel attention mechanism for estimating lung disease severity from CXR
images. Unlike traditional classification models, our approach is tailored for regression-
based severity scoring, enabling a more precise quantification of disease burden—an
essential component for longitudinal patient monitoring and clinical decision support. A
major challenge in severity assessment is the scarcity of labeled data, as scoring requires
expert radiologists to assign structured annotations, making the process time-consuming
and resource-intensive.

To address the challenge of limited severity-labeled datasets, we implement a tailored
augmentation strategy that expands the training data while preserving critical clinical
features. This approach enhances the model’s ability to recognize a broader range of
severity levels, improving its generalization to unseen cases. By introducing diverse
training samples that reflect varying disease patterns, our method strengthens the model’s
capacity to differentiate severity stages with higher precision. Extensive experiments
validate the effectiveness of this strategy, demonstrating that our model maintains strong
predictive accuracy despite data constraints. These results underscore the potential of our
framework in automating severity assessment, facilitating better patient monitoring, and
streamlining clinical workflows.

The key contributions of this study are as follows:

• Development of an innovative deep learning framework that integrates a parallel
model with a VMamba encoder, leveraging both channel and spatial attention mecha-
nisms to enhance severity score prediction accuracy from CXRs.
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• Introduction of a specialized augmentation strategy, focusing on segmented lung
regions. This method incorporates self-replacement and cross-replacement techniques
to increase dataset diversity.

• Comprehensive evaluations across multiple datasets, accompanied by ablation studies
that assess the model’s generalizability and robustness under different conditions.

The remainder of this paper is structured as follows: Section 2 reviews existing liter-
ature and highlights recent advancements in pneumonia severity assessment. Section 3
introduces the proposed deep learning framework, detailing its architectural design and
augmentation strategy for lung severity quantification. Section 4 outlines the evaluation
methodology, including dataset descriptions, experimental results, and a thorough per-
formance analysis. This section also presents findings from ablation studies, offering
insights into the impact of various model components. Lastly, Section 5 summarizes the
key contributions of this work and provides concluding remarks.

2. Related Work
Deep learning has revolutionized medical image analysis by enabling automated

feature extraction and pattern recognition, significantly improving diagnostic accuracy
and efficiency [3]. CNN architectures such as ResNet, DenseNet, and EfficientNet have
demonstrated state-of-the-art performance in detecting lung conditions like pneumonia
and tuberculosis, proving their effectiveness in medical imaging [17–19]. More recently,
transformer-based models have introduced self-attention mechanisms to enhance feature
representation and capture global contextual information, addressing some of CNNs’ limita-
tions [20]. Additionally, hybrid approaches that integrate CNNs with attention mechanisms
have been developed to improve both analysis and localization of pathological regions [21].
These advancements have shifted the focus from basic disease classification to severity
quantification, making AI-driven diagnostic tools more applicable to clinical practice.

Deep learning has been extensively utilized for severity quantification across various
medical imaging modalities, employing regression-based estimation to provide continuous
severity scores rather than discrete classifications. In brain MRI analysis, deep regression
networks have been used to assess stroke severity, while in fundus imaging, they have
facilitated automatic grading of diabetic retinopathy [22,23]. Similarly, deep learning tech-
niques have been applied to quantify the severity of pneumonia, COVID-19, and chronic
obstructive pulmonary disease (COPD) [24]. CNN-based architectures, including 3D U-Net
and DenseNet, have been particularly effective in extracting spatial and textural features
from CT scans, enabling accurate estimation of lung opacity and lesion extent [25,26].

Several deep learning approaches have been proposed for CXR-based severity quantifi-
cation, aiming to automate lung abnormality scoring based on radiological criteria [27,28].
Wong et al. [29] utilized a ResNet-based regression model trained on expert-annotated
severity scores to estimate lung involvement in CXR images. Tang et al. [30] developed a
CNN-driven framework for COVID-19 severity assessment, while Wehbe et al. [31] em-
ployed a multi-task learning strategy using DenseNet-121 to simultaneously detect COVID-
19 and predict severity levels. Transformer-based models have also shown promise in this
domain [32,33], with Zhang et al. [34] leveraging Vision Transformers (ViTs) for pneumonia
severity estimation. Additionally, hybrid architectures, including the Swin Transformer,
have demonstrated improved spatial feature weighting, enhancing interpretability and
regression accuracy [35–37]. The adoption of regression-based deep learning models has
facilitated more precise and standardized severity scoring, contributing to improved clinical
decision-making [38,39].

Recently, Mamba-based architectures have emerged as a powerful alternative for mod-
eling long-range reliances with linear computational complexity, making them particularly
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effective for medical imaging tasks [15,16,40–42]. Unlike transformers, which suffer from
quadratic complexity, Mamba efficiently handles sequential dependencies, enhancing per-
formance across classification, segmentation, and detection applications [43–47]. Several
Mamba-based models have been developed to address different challenges in medical
imaging. The Tri-Plane Mamba model has been adapted for enhanced 3D medical image
segmentation [48]. Additionally, MedMamba [49] integrates convolutional layers with state-
space models to boost classification accuracy, while architectures like Swin-UMamba [50]
and Mamba-UNet [51] employ Mamba’s computational efficiency within UNet frame-
works, yielding superior segmentation results. Hybrid models, such as VM-UNet [52]
and Weak-Mamba-UNet [53], further refine segmentation quality while maintaining ef-
ficiency, demonstrating the growing potential of Mamba-based architectures in medical
image analysis.

Although Mamba-based models have primarily been utilized for segmentation tasks
in CXR analysis—such as identifying lung boundaries, detecting pathological regions, or
extracting anatomical structures—our study adopts a different perspective. Rather than
focusing on segmentation, we leverage Mamba for a regression-based approach, predicting
continuous severity scores directly from CXR images. This strategy facilitates a more
precise assessment of disease progression, providing valuable insights to support clinical
decision-making and patient management.

3. Proposed Methodology
3.1. Proposed Model

Evaluating lung disease severity from CXR images necessitates a model capable of cap-
turing both localized anatomical features and broader pathological patterns. The proposed
approach is designed to predict a quantitative severity score from a given CXR image. It
employs a complex architecture combining parallel Mamba-based encoders for feature
extraction with sequence modeling, enhanced by channel and spatial attention mechanisms.
This structured design acts on multiple sub-images and progressively refines represen-
tations across these different regions. The architecture’s detailed structure, along with
illustrative blocks, is depicted in Figure 1. The model is trained in an end-to-end fashion.

Figure 1. Illustration of the proposed model. The structure of VMamba and the legend are embedded
in the figure.

The processing pipeline begins with the raw CXR image, denoted as I, which is
partitioned into four regions to facilitate localized feature extraction. To ensure uniform
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processing, the original image dimensions are resized to 2W × 2H × C, resulting in each
quadrant having a final size of W × H × C. These quadrants are processed in parallel, with
each sub-image undergoing a series of transformation layers for deep feature extraction.

At each stage of the pipeline, images are passed through VMamba-based processing
units, leveraging the recently proposed VMamba model by Liu et al. [54]. The process
begins with patch partitioning in each line of the parallel encoder. The input image
is divided into a series of patches, where each patch has size P×P and N = H×W

P2 is
the number of image patches to ensure structured and efficient processing. This step
enables the model to handle localized regions of the image while maintaining the overall
spatial relationships.

Following partitioning, the image enters a series of four stages (k = 1, 2, 3, 4), where
the image patches are processed. In each stage, the patches are input into layers of Vision
State Space (VSS) Blocks, a core component of VMamba. It is designed for efficient spatial
feature extraction. As shown in Figure 2a, the block consists of two primary processing
branches. The first branch features an SS2D Block, which applies state-space modeling in
two dimensions (2D) to effectively capture long-range dependencies within the image. SS2D
processes input patches through three steps: cross-scan, selective scanning with S6 blocks,
and cross-merge, where patches are unfolded into sequences along multiple traversal paths
and processed in parallel. This approach allows each pixel to integrate information from
all others across different directions, creating global receptive fields in the 2D space [54].
This is followed by Layer Normalization (LN) to stabilize the feature distribution before
merging with the second branch. The second branch includes a depthwise convolution
(DWConv) layer, followed by a SiLU activation function to introduce non-linearity. Next,
a series of linear transformations and normalization layers further refine the extracted
features. Finally, a feed-forward network (FFN) enhances feature representation, with
residual connections ensuring stable gradient flow.

Figure 2. Illustration of the structure of the VSS Block (a), Channel Attention (b), and Spatial
Attention (c).

After patch partitioning, at the first stage, two VSS Blocks are applied to extract low-
level spatial features, resulting in a feature map. In the following stages, a downsampling
operation is performed, followed by Lk layers of VSS Blocks. The downsampling effectively
decreases the spatial dimensions while increasing feature depth. The resolution of the input
tensor and the number of channels at each stage are progressively adjusted following the
following equation:

H
2k+1 × W

2k+1 × Ck, (1)
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where H is the image height, W is the image width, Ck is the number of channels after the kth

stage and is calculated as Ck = C · 2k+4. By progressively refining the image representation
through hierarchical stages, this VMamba-based encoder efficiently balances local and
global feature extraction. The final output of each VMamba typically has a small spatial
resolution with a high number of channels, providing a rich representation that combines
global context with fine-grained details. In our setup, H = 224, W = 224, P = 4, C = 3 and
Lk = {2, 2, 8, 2}.

Each VMamba unit produces an embedding Zi at Stage 4, encapsulating the extracted
feature information. A channel attention mechanism is then applied to refine these features
by emphasizing the most informative channels. This mechanism calculates importance
scores using global pooling and nonlinear transformations, generating a 1D attention vector
(1 × 1 × 768), which re-weights the feature maps to prioritize significant details for severity
prediction. The attention vector is computed as:

MCH
i = σ[MLP(AP(Zi)) + MLP(MP(Zi))] (2)

where MCH
i represents the computed channel attention scores of the ith encoder, Zi is the

input feature, AP is average pooling, MP is max pooling, σ is the sigmoid activation, and
MLP refers to a multi-layer perceptron. The final feature representation is obtained through
channel-wise scaling:

Za
i = MCH

i ⊙ Zi (3)

where Za
i is the refined output of the ith pipeline. The illustration of the channel attention

module is represented in Figure 2b. To reconstruct spatial relationships, the processed
tensors from different sub-images are combined along horizontal and vertical dimensions,
aligning them to restore their original spatial structure within the image I, as illustrated in
Figure 1.

After aggregation, the feature tensor Za undergoes spatial attention processing, which
selectively amplifies critical spatial regions while suppressing less significant areas. This
mechanism directs the model’s focus toward the most informative lung regions, particularly
those exhibiting pathological patterns relevant to severity estimation. The spatial attention
module achieves this by first extracting essential spatial information through average
pooling and max pooling operations across the channel dimension. The pooled feature
maps are then concatenated to form a compact spatial descriptor, which is used to generate
an attention map:

MS = σ[conv7×7(AP(Za);MP(Za))] (4)

where MS represents the computed spatial attention map, Za is the input tensor, σ is the
sigmoid activation function, and conv7×7 is a convolutional layer with a 7 × 7 kernel. To
refine the feature representation, the spatial attention map is applied to the input tensor
through element-wise multiplication, denoted as ⊗:

S = MS ⊗ Za (5)

where S is the final output, in which the original feature map Za is re-weighted according
to the computed spatial attention values. This step ensures that the model prioritizes the
most relevant spatial features, enhancing its ability to assess severity. The illustration of the
spatial attention is represented in Figure 2c.

After applying spatial attention, the refined feature representation tensor S undergoes
a Global Average Pooling (GAP) operation, which condenses the spatial dimensions by
computing the mean activation for each feature channel. This transformation generates a
compact feature vector of size equal to the number of channels (784). This pooled feature
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vector is then passed through a series of Fully Connected (FC) layers, which learn high-level
abstractions and relationships within the feature space. The final predicted scalar represents
the quantitative severity score of the lung disease.

By integrating hierarchical VMamba-based features with attention mechanisms, this
architecture effectively captures both local anatomical structures and broader pathological
patterns. The combination of feature extraction, attention-based refinement, and fully
connected transformations ensures robust severity assessment tailored for complex medical
imaging tasks.

3.2. Data Augmentation: Segmented Lung Replacement

Severity-labeled CXR datasets are inherently limited due to the need for expert radi-
ologist annotations, which are both costly and time-consuming to produce. As a result,
the available training data often lack sufficient diversity and may exhibit imbalanced dis-
tributions of severity scores. To address this, we introduce a novel segmentation-guided
augmentation strategy called Segmented Lung Replacement (SLR) Augmentation. This
technique generates a diverse set of augmented images through the replacement of lung
regions within or across patient images. This approach synthetically increases the dataset
size while preserving anatomical and clinical validity. This enhanced diversity improves
the model’s exposure to a broader spectrum of pathological patterns and leads to more
robust severity prediction, as confirmed by our performance results. Our augmentation
framework is systematically categorized into two distinct types, each designed to introduce
meaningful variations while maintaining diagnostic relevance. These categories, along
with their implementation details, are elaborated below and visually depicted in Figure 3.

(a) Self-Segmented Lung Replacement. (b) Cross-Segmented Lung Replacement.

Figure 3. Our Proposed Lung Augmentation Techniques. The ground-truth (S) scores are calculated
along with the produced images.

3.2.1. Self-Segmented Lung Replacement

The Self-Segmented Lung Replacement (Self-SLR) augmentation technique generates
diverse synthetic samples by segmenting and selectively modifying specific lung regions
within a given input image. The process begins with the precise segmentation of the lungs
using a pre-trained UNet++ model [55], which isolates the left and right lung regions from
the original CXR image. Once segmented, each lung region is transformed by applying
a horizontal flip operation, generating a mirrored version of the lung. These modified
lung regions are then seamlessly reintegrated into the original CXR, ensuring anatomical
consistency and plausibility. To introduce greater diversity while maintaining clinical
relevance, we apply three distinct variations of this augmentation: (1) replacing only the
right lung, (2) replacing only the left lung, and (3) replacing both lungs simultaneously.
The severity score of each augmented image is determined by summing the ground-truth
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severity scores of the replaced lung regions. This ensures that the severity labels remain
consistent with the introduced modifications. A step-by-step visual description of the
augmentation process is provided in Figure 3a. By selectively modifying lung regions
rather than altering the entire image, this method preserves the underlying diagnostic
structures while significantly enhancing dataset variability. This strategy improves the
model’s ability to generalize across diverse anatomical variations, ultimately strengthening
its robustness in severity prediction tasks.

3.2.2. Cross-Segmented Lung Replacement

Cross-Segmented Lung Replacement (Cross-SLR) method enhances dataset diversity
by integrating segmented lung regions from multiple input images. Instead of modifying
lung regions within the same image, this approach extracts lung segments from two
or more distinct CXR images and swaps corresponding regions while ensuring proper
anatomical alignment. By replacing a lung from one patient’s X-ray with the corresponding
lung from another, this technique generates composite images that better capture inter-
patient variability. Similar to the Self-SLR technique, the process begins with precise
segmentation of lung regions using UNet++ [55]. Once segmented, the extracted lungs
are utilized to replace lung regions in other images based on predefined augmentation
modes. This strategy enables five different composite image configurations, where lung
swapping can be applied to either a single lung—with or without flipping—or to both
lungs simultaneously. The augmentation process is detailed and visually represented in
Figure 3b. The severity score for each augmented image is determined by summing the
ground-truth severity scores of the replaced lung regions, ensuring that the augmented
dataset maintains meaningful clinical annotations. By leveraging segmentation outputs
across different patients, this method significantly increases the number of unique training
samples. The ability to combine lung regions from different images introduces greater
structural and pathological diversity, exposing the model to a broader spectrum of severity
patterns. This augmentation ultimately improves the model’s generalization capability,
making it more robust in real-world medical imaging scenarios.

In our study, we employed both augmentation techniques as online strategies to
mitigate the limitations of medical imaging datasets. These methods increase training
samples and introduce diverse variations, enhancing model robustness and generalization.
By dynamically generating augmented images during training, the model continuously
encounters new variations, reducing overfitting risk.

Each epoch applies Self-SLR to produce three additional images and Cross-SLR to
generate five, expanding a batch from 16 to 144 images—a 9× increase. Given an initial
dataset of 5634 images, this results in 50,706 images per epoch. As a regression task,
augmentations retain corresponding severity scores for learning consistency, as shown in
Figure 3a,b.

This framework is particularly suited for datasets with localized or global severity
scores, making it effective for regression-based medical imaging. By maintaining anatomical
accuracy and introducing clinically relevant variations, our approach enhances performance
in lung disease severity prediction.

4. Performance Evaluation
4.1. Datasets

This study aims to explore the effectiveness of deep learning models in predicting the
severity of lung diseases using CXR images. By using CXR datasets that are annotated
with quantitative severity scores, we provide a detailed assessment of the severity of lung
infections. These datasets are used to train and validate our model, ensuring that it can
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precisely quantify disease progression by analyzing key features within the radiological
images. We used two datasets to test our model using CXRs. The RALO dataset and the
COVID-19 dataset. Tables 1 and 2 show the main characteristics of these datasets and their
associated scores respectively.

Table 1. Details of the Datasets Used in our Work.

Data
Dataset Size Training Validation Test

RALO [56] 224 × 224 × 3 5634 - 495
COVID-19 [57] 224 × 224 × 3 1090 135 139

Table 2. Details of the Annotations of the Images Used in our Work.

Score
Dataset Type Min Max Increment Mean Std Variance

RALO [56]
GE 0 8.0 0.5 5.1075 2.0915 4.3745

LO 0 8.0 0.5 3.7355 1.5137 2.2913

COVID-19 [57] COVID-19 score 0 6.0 1 1.6015 2.1908 4.7998

4.1.1. RALO Dataset

The Radiographic Assessment of Lung Opacity (RALO) Score dataset comprises
2373 CXR images, initially introduced by Cohen et al. [58]. These images were assessed by
two experienced radiologists from Stony Brook Medicine, who assigned severity scores
to each image based on the lung infection level. The dataset was previously split into a
training set of 1878 images and a test set of 495 images [56].

The severity assessment in this dataset is based on two primary radiological factors:
Geographic Extent (GE) and Lung Opacity (LO). GE evaluates the extent of lung involve-
ment by ground-glass opacity or consolidation, with separate scores for the left and right
lungs. Each lung is assigned a score between 0 (no consolidation) and 4 (extensive consol-
idation), and the total GE score is calculated by summing the individual scores for both
lungs. On the other hand, LO measures the intensity of lung opacity, with scores ranging
from 0 (no opacity) to 4 (complete whiteout) per lung. The combined LO score can range
from 0 to 8, depending on the sum of the individual lung opacity ratings.

To ensure accurate ground-truth labels, the final severity score is determined by
averaging the assessments of two radiologists, with scores ranging from 0 to 8 expressed
in discrete intervals with 0.5 as an increment. To further enhance the model’s training
diversity, an offline augmentation technique—based on the replacement of lung regions and
their corresponding severity scores—was applied, following our previous approach [59].
This augmentation process expanded the training dataset to 5634 images, while the test
set remained at 495 images. This strategy introduces increased variability in the dataset,
enabling the model to better generalize across a wide range of severity levels.

4.1.2. COVID-19 Dataset

In this study, we also utilized a dataset compiled by Danilov et al. [57]. It contains
1364 CXR images from patients with COVID-19 and healthy individuals with no visible lung
abnormalities. The dataset is balanced, with 580 images (43%) from COVID-19-positive
patients and 784 images (57%) from healthy controls, making it suitable for both training
and evaluation purposes. Each image in the dataset is annotated with a COVID-19 score. It
is a severity score ranging from 0 to 6 with an increment of 1, indicating the level of lung
involvement. A score of 0 denotes no abnormalities, while a score of 6 indicates severe
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pathology, with more than 85% of the lung area affected. Intermediate scores represent
varying degrees of mild to extensive lung damage, offering a detailed severity scale.

This dataset is crucial for training deep learning models focused on COVID-19 severity
assessment. By incorporating both healthy and infected lung images, it enables models
to differentiate between normal and abnormal lung conditions, thereby enhancing their
diagnostic performance and reliability in clinical settings.

4.2. Experimental Results and Comparison

In this study, we present a structured deep learning framework for predicting lung
disease severity from CXR images using a regression-based approach. The primary dataset,
RALO, comprises 5634 CXR images, each labeled with GE and LO scores on a scale from 0 to
8, representing varying degrees of lung involvement from mild to severe. Our methodology
encompasses data processing, splitting, and deep learning-driven severity estimation to
ensure precise and reliable quantification.

The data processing pipeline includes resizing and normalization to ensure a consistent
input shape and intensity scaling, which are required for the patch-based VMamba encoder.
These steps help standardize the input and stabilize model convergence. In addition, lung
segmentation is used to extract anatomically relevant lung regions that guide our SLR
augmentation strategy. By isolating lung fields, we enable the application of our proposed
augmentations, which generate diverse yet clinically valid training samples. Both Self-SLR
and Cross-SLR are applied dynamically during training as online augmentation strategies,
ensuring that each batch contains diverse augmented samples, thereby enhancing model
generalization and robustness to variations in lung pathology.

Following augmentation, an image-splitting technique is implemented, dividing each
CXR into four quadrants. This enables the model to focus on localized lung regions, im-
proving its ability to detect fine-grained pathological patterns that contribute to severity
assessment. The processed images are then fed into the proposed deep learning model,
which predicts a continuous severity score indicative of disease progression. The final
output provides a quantitative severity score, aiding clinicians in evaluating disease pro-
gression and supporting informed medical decision-making. Figure 4 visually outlines the
entire workflow, illustrating the sequential steps of our proposed work.

Figure 4. The workflow of score prediction from CXR.

In this study, we utilized the L1 loss function for severity score regression to enhance
robustness against outliers. The AdamW optimizer, with a learning rate of 10−5, was chosen
to minimize weight decay and improve generalization. To optimize training dynamics, we
applied a cosine annealing warm restarts scheduler, with the initial restart period matching
the training loader length and subsequent periods doubling progressively. This approach
helped the model escape local minima and achieve better convergence. All experiments



Diagnostics 2025, 15, 1301 11 of 18

were conducted on an NVIDIA Titan X GPU with CUDA 12.0, ensuring efficient processing
of large-scale CXR datasets.

To evaluate our model’s effectiveness, we used Mean Absolute Error (MAE) and
Pearson’s correlation coefficient (PC) to assess agreement with radiologist-assigned severity
scores. MAE quantifies prediction accuracy, with lower values indicating better perfor-
mance, while PC measures the strength of the linear relationship, ranging from −1 (nega-
tive correlation) to +1 (perfect correlation). Higher PC values and lower MAE confirm the
model’s reliability in severity quantification.

To comprehensively assess the effectiveness of our proposed model, we performed a
comparative analysis against multiple state-of-the-art deep learning architectures used for
severity assessment. This evaluation aimed to demonstrate the advantages of our approach
in accurately predicting lung disease severity through quantitative analysis.

The benchmark models selected for comparison include both convolutional neural
networks (CNNs) and transformer-based architectures. Specifically, the models evaluated in
this study are COVID-NET [29], COVID-NET S [60], ResNet50 [61], Swin Transformer [62],
XceptionNet [63], Feature Extraction Model [56], MobileNetV3 [64], InceptionNet [65],
ViTReg-IP [59], and MViTReg-IP [66]. To ensure a fair and unbiased comparison, all models
were trained under identical conditions, utilizing the same dataset and evaluation metrics.

The findings of this comparative analysis are summarized in Table 3, where our
proposed model outperforms existing architectures by exhibiting lower error rates and
stronger correlation with the baseline severity scores. The number of parameters is also
reported in the table to provide information about the models’ complexity.

Table 3. Performance Evaluation of the Proposed Method vs. State-of-the-Art Techniques on the
RALO CXR Dataset.

GE LO
Model MAE ↓ PC ↑ MAE ↓ PC ↑ Nb of Pram.

COVID-NET [29] 4.458 0.549 2.242 0.535 12 M
COVID-NET-S [60] 4.698 0.591 2.254 0.529 12 M
ResNet50 [61] 1.094 0.688 1.061 0.431 23 M
Swin Transformer [62] 0.916 0.817 0.803 0.697 29 M
XceptionNet [63] 0.854 0.821 0.768 0.701 23 M
Feature Extraction [56] 0.967 0.753 0.865 0.711 20 M
MobileNetV3 [64] 0.847 0.827 0.732 0.738 4.2 M
InceptionNet [65] 0.702 0.886 0.609 0.829 24 M
ViTReg-IP [59] 0.565 0.925 0.510 0.857 5.5 M
MViTReg-IP [66] 0.531 0.938 0.462 0.881 11.2 M
Ours 0.356 0.970 0.338 0.941 86 M

To further assess the generalizability of our proposed model, we conducted additional
experiments using the COVID-19 dataset by Danilov et al. [57]. This dataset contains
CXR images annotated with severity scores ranging from 0 to 6, reflecting the extent of
lung involvement in COVID-19 cases. Unlike the RALO dataset, which provides per-lung
severity annotations, this dataset assigns a single global severity score per image, presenting
a distinct challenge for model evaluation. The lack of individual lung scores prevented
us from directly applying our SLR techniques, which rely on manipulating specific lung
regions. To address this, we adapted both Self-SLR and Cross-SLR at the full lung level,
ensuring that the augmentation process remained beneficial in enhancing model robustness.
Although there is a lack of per-lung severity scores, this evaluation provided key insights
into the model’s adaptability. Table 4 presents the results of training our model on the
COVID-19 dataset.
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Table 4. The Performance of Our Model when Trained on the RALO and COVID-19 Datasets.

Dataset Score Train Size Test Size MAE ↓ PC ↑
RALO [58] Geographic Extent 5634 495 0.356 0.970
RALO [58] Lung Opacity 5634 495 0.338 0.941
COVID-19 [57] COVID Score 1090 139 0.322 0.921

In our ablation studies, we investigated the influence of the proposed data augmen-
tation techniques on the performance of our model. This experiment aimed to determine
how the two augmentation strategies improve the model’s ability to detect complex lung
features in CXR images. We evaluated four configurations: training without any augmenta-
tion, applying traditional augmentations including horizontal flipping, ±10° rotation, and
Gaussian noise injection, applying only Self-SLR, and using only Cross-SLR. The baseline
condition, without augmentation, allowed us to assess the model’s raw performance with-
out any data adjustments. Both augmentation methods introduce anatomical variations
while preserving the consistency of the original patient data, thus enhancing the diversity
of the training set by incorporating variations from different patients. The results are
presented in Table 5.

Table 5. Performance Evaluation of Our Proposed Data Augmentation Methods in Our Model.

GE LO
Augmentation MAE ↓ PC ↑ MAE ↓ PC ↑
No Augmentation 0.374 0.958 0.354 0.927
Traditional Augmentation 0.372 0.959 0.353 0.927
Self-SLR 0.366 0.963 0.348 0.934
Cross-SLR 0.360 0.966 0.342 0.938

To investigate the effect of architectural design choices in our model, we performed
an ablation study focusing on the role of attention mechanisms. The results, presented in
Table 6, explore the impact of both channel and spatial attention on the accuracy of lung
severity score predictions. We examined four configurations: without any attention layers,
with spatial attention, with channel attention, and with both attentions. The configuration
without attention layers serves as the baseline to evaluate the model’s performance in the
absence of any attention-enhanced features. By incorporating attention mechanisms, we
aimed to determine whether considering spatial and channel dependencies contributes to
performance improvement.

Table 6. Performance Evaluation of Attention Layers in Our Model.

Attention GE LO
Channel Attention Spacial Attention MAE ↓ PC ↑ MAE ↓ PC ↑

× × 0.432 0.939 0.402 0.922
× ✓ 0.367 0.962 0.349 0.930
✓ × 0.362 0.966 0.341 0.937
✓ ✓ 0.356 0.970 0.338 0.941

4.3. Discussion

Table 3 showcases the exceptional performance of our proposed model in assessing
lung disease severity using the RALO CXR dataset. Our model achieved the lowest MAE
values of 0.356 for GE and 0.338 for LO, along with the highest PC scores of 0.970 for GE and
0.941 for LO. These results demonstrate a strong agreement between the model’s predictions
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and the ground truth severity scores, underscoring its accuracy and reliability in severity
quantification. The significant performance advantage over competing models further
highlights the effectiveness of our approach. The proposed model contains approximately
86 M parameters. While some models, such as MobileNetV3, offer lightweight deployment
with few parameters (4.5 M), their prediction accuracy is notably lower. Conversely, our
model achieves top performance although it have a high parameter count. It is worth noting
that once training is complete, the model performs score prediction automatically and
within milliseconds of image input. This enables immediate, post-imaging severity scoring
without the need for radiologist intervention, making it highly suitable for time-sensitive
clinical environments.

The results in Table 4 highlight the excellent generalization capability of our proposed
model across various scoring systems and datasets. When trained on the COVID-19
dataset, the model achieves strong predictive accuracy, with an MAE of 0.322 and a PC of
0.921, despite differences in dataset size and scoring range. When compared to the RALO
dataset, the model performs consistently well on the COVID-19 dataset, demonstrating its
robustness in capturing variations in disease severity. This consistent performance across
datasets with differing score distributions underscores the adaptability of our model and
its potential for clinical use in lung severity assessment.

The superior performance and low MAE of the proposed model result from a carefully
integrated architecture that combines VMamba’s structured state-space modeling for cap-
turing long-range spatial dependencies, a parallel dual-branch design that mimics clinical
assessment by processing left and right lungs independently, and hybrid spatial and chan-
nel attention mechanisms that guide the model to focus on the most relevant anatomical
regions and feature channels. Together, these components enable precise, context-aware
severity estimation from CXRs, outperforming traditional CNNs and Transformers in both
accuracy and clinical relevance.

Additionally, the proposed model achieves an average inference time of a few mil-
liseconds per image, which supports integration into real-time clinical workflows. Beyond
speed, its ability to automatically generate quantitative severity scores without the need for
radiologist input at test time offers significant utility in healthcare. Patients or clinicians can
obtain immediate feedback following image acquisition, enabling timely decision-making
and potentially increasing access to care in under-resourced regions. Moreover, the low
MAE values, validated against expert radiologist annotations, demonstrate the model’s
ability to deliver clinically meaningful and trustworthy severity predictions.

Table 5 highlights the significant improvements our augmentation strategies bring
to model performance. While the baseline model, trained without any augmentation,
shows competitive results, the incorporation of augmentation techniques leads to marked
improvements. The Self-SLR method, which alters lung regions within the same image,
enhances generalization, improving both MAE and PC for GE and LO scores. The Cross-
SLR method shows even better results by diversifying the training set, allowing the model
to capture more complex lung features. This approach achieves the lowest MAE (0.360 for
GE, 0.342 for LO) and the highest PC (0.966 for GE, 0.938 for LO). CrossSLR introduces a
broader spectrum of training diversity by recombining segmented lungs from different
patients with varying severity profiles. This approach generates synthetic but anatomically
valid CXR images that are not found in the original dataset. As a result, the model is exposed
to a wider distribution of severity combinations, such as pairing a severely affected lung
with a healthy one, which enhances its ability to generalize to unseen test cases. In contrast,
SelfSLR performs augmentation within the same patient image, preserving local coherence
but offering a more limited variability. This difference in augmentation diversity explains
the performance improvement of CrossSLR over SelfSLR, as shown in Table 5.
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To better assess the advantage of the proposed augmentation methods, we conducted
an additional baseline experiment using traditional augmentation techniques. This in-
cluded horizontal flipping, ±10° rotation, and Gaussian noise injection, which are common
practices in medical image preprocessing. As shown in Table 5, while these methods
provide a minor improvement over training without augmentation (MAE 0.372 for GE and
0.353 for LO), they are still outperformed by both Self-SLR and Cross-SLR techniques.

The results presented in Table 6 underscore the significant impact of attention mech-
anisms on the model’s performance. The baseline model, which does not incorporate
any attention mechanisms, demonstrates the poorest performance, with the highest MAE
(0.432 for GE, 0.402 for LO) and the lowest PC (0.939 for GE, 0.922 for LO). These results
indicate that the model struggles to effectively capture the necessary spatial and contextual
information required for accurate severity prediction. Introducing spatial attention alone
leads to a notable improvement, as the model can now better focus on relevant regions
within the image. This results in a decrease in MAE and an increase in PC, demonstrating
the positive effect of spatial attention in guiding the model’s focus toward critical lung
features. Similarly, incorporating channel attention independently also results in improved
performance. Channel attention facilitates better interaction between different feature rep-
resentations, allowing the model to capture more complex lung patterns. This enhancement
is reflected in the reduction of MAE and the increase in PC. However, the most substantial
improvement occurs when both spatial and channel attention mechanisms are employed
simultaneously. In this configuration, the model achieves the best performance, with the
lowest MAE (0.356 for GE, 0.338 for LO) and the highest PC values (0.970 for GE, 0.941 for
LO). These results demonstrate that spatial attention and channel attention work syner-
gistically to refine the model’s ability to focus on critical lung features while maintaining
contextual awareness across the image.

5. Conclusions
Pneumonia is a critical respiratory condition that requires accurate and timely de-

tection for effective treatment and prevention of its spread. In this work, we propose a
novel deep learning framework that leverages a parallel VMamba architecture, integrating
VSS-based encoding along with channel and spatial attention mechanisms to improve pneu-
monia severity assessment from CXR images. This architecture allows for a more nuanced
and interpretable analysis of lung disease severity, offering better insights for clinicians.

Our method’s superior performance is evidenced by its significantly lower MAE
and higher PC values compared to CNN and Transformer baselines. These gains are
further enhanced by our anatomically consistent augmentation, demonstrating the value of
domain-specific data manipulation. Unlike prior works that rely on classification tasks, we
provide a regression-based solution designed for severity prediction. By generating more
precise and quantitative severity estimates, the model assists clinicians in making informed
diagnostic and treatment decisions. Furthermore, our ablation studies demonstrate the
importance of the novel augmentation strategies used in the framework, which contribute
significantly to enhancing model generalization and robustness.

While this study evaluates the performance of our framework on the RALO and
COVID-19 datasets, further studies are required to validate the proposed model across
diverse datasets and clinical environments to ensure its generalizability and robustness.
Future work will focus on testing the model on larger, more heterogeneous datasets and
comparing its performance to existing state-of-the-art approaches to establish its clinical
applicability and reliability.

We acknowledge the valuable contributions of expert radiologists whose annotations
were essential for validating our model’s accuracy. Future work will involve further clinical
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validation in collaboration with medical professionals to assess real-world applicability.
One limitation of this study is that pleural effusion, though clinically important, is not
explicitly annotated in the RALO or COVID-19 datasets. While the model may implicitly
associate pleural effusion patterns with higher severity scores, especially when effusion
co-occurs with consolidation, the absence of dedicated labels restricts the interpretability
of such features. Future work should incorporate datasets with multi-label annotations to
enable the model to distinguish between pleural effusion, lung consolidation, and other
thoracic findings, thereby enhancing its diagnostic utility and alignment with clinical reality.
Another limitation of our approach is the need for individual lung scoring to ensure that
our proposed augmentation methods are applied completely and accurately, which may
require additional manual annotation or refinement in certain clinical scenarios. Ultimately,
our approach offers the potential for more accurate, efficient, and automated pneumonia
severity estimation, enhancing diagnostic accuracy and supporting more effective clinical
decision-making.

Author Contributions: Methodology, B.S., F.D. and K.H.; Software, B.S.; Validation, F.D. and K.H.;
Investigation, B.S.; Writing—original draft, B.S.; Writing—review & editing, F.D. and K.H.; Visualiza-
tion, B.S.; Supervision, F.D. and K.H.; Project administration, F.D. and K.H. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data used in this study are mentioned in Section 4.1.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Lim, W.S. Pneumonia—Overview. In Encyclopedia of Respiratory Medicine; Elsevier: Amsterdam, The Netherlands, 2021; p. 185.
2. Rubin, G.D.; Ryerson, C.J.; Haramati, L.B.; Sverzellati, N.; Kanne, J.P.; Raoof, S.; Schluger, N.W.; Volpi, A.; Yim, J.J.; Martin, I.B.;

et al. The role of chest imaging in patient management during the COVID-19 pandemic: A multinational consensus statement
from the Fleischner Society. Radiology 2020, 296, 172–180. [CrossRef] [PubMed]

3. Litjens, G.; Kooi, T.; Bejnordi, B.E.; Setio, A.A.A.; Ciompi, F.; Ghafoorian, M.; van der Laak, J.A.; van Ginneken, B.; Sánchez, C.I. A
survey on deep learning in medical image analysis. Med. Image Anal. 2017, 42, 60–88. [CrossRef] [PubMed]

4. Lundervold, A.S.; Lundervold, A. An overview of deep learning in medical imaging focusing on MRI. Z. Med. Phys. 2019,
29, 102–127. [CrossRef] [PubMed]

5. Shen, D.; Wu, G.; Suk, H.I. Deep learning in medical image analysis. Annu. Rev. Biomed. Eng. 2017, 19, 221–248. [CrossRef]
6. Esteva, A.; Robicquet, A.; Ramsundar, B.; Kuleshov, V.; DePristo, M.; Chou, K.; Cui, C.; Corrado, G.; Thrun, S.; Dean, J. A guide to

deep learning in healthcare. Nat. Med. 2019, 25, 24–29. [CrossRef]
7. Greenspan, H.; van Ginneken, B.; Summers, R.M. Guest editorial deep learning in medical imaging: Overview and future

promise of an exciting new technique. IEEE Trans. Med. Imaging 2016, 35, 1153–1159. [CrossRef]
8. Wang, X.; Peng, Y.; Lu, L.; Lu, Z.; Bagheri, M.; Summers, R.M. ChestX-ray8: Hospital-scale chest X-ray database and benchmarks

on weakly-supervised classification and localization of common thorax diseases. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21–26 July 2017; pp. 2097–2106.

9. Hasan, R.; Nayeem, M.K.; Santhiya, P.; Das, A. Early Diagnosis of Medical Images in Healthcare Management by Artificial
Intelligence. In Decision Making Under Uncertainty Via Optimization, Modelling, and Analysis; Springer: Berlin/Heidelberg, Germany,
2025; pp. 427–440.

10. Rudan, I.; O’Brien, K.L.; Nair, H.; Liu, L.; Theodoratou, E.; Qazi, S.; Luksic, I.; Mathers, C.; Black, R.E.; Campbell, H. Epidemiology
and etiology of childhood pneumonia. Bull. World Health Organ. 2013, 91, 408–416. [CrossRef]

11. Fawzy, A.; Wang, D.; Esker, A.; Trost, J.G.; Chu, D.; Liu, D.; Singh, A.; Fang, R.; Wang, X.; Baker, E.; et al. AI-powered clinical
decision support for COVID-19—insights from rapid development and deployment. NPJ Digit. Med. 2020, 3, 136.

12. LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436–444. [CrossRef]

http://doi.org/10.1148/radiol.2020201365
http://www.ncbi.nlm.nih.gov/pubmed/32255413
http://dx.doi.org/10.1016/j.media.2017.07.005
http://www.ncbi.nlm.nih.gov/pubmed/28778026
http://dx.doi.org/10.1016/j.zemedi.2018.11.002
http://www.ncbi.nlm.nih.gov/pubmed/30553609
http://dx.doi.org/10.1146/annurev-bioeng-071516-044442
http://dx.doi.org/10.1038/s41591-018-0316-z
http://dx.doi.org/10.1109/TMI.2016.2553401
http://dx.doi.org/10.2471/BLT.07.048769
http://dx.doi.org/10.1038/nature14539


Diagnostics 2025, 15, 1301 16 of 18

13. Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.;
Gelly, S.; et al. An image is worth 16x16 words: Transformers for image recognition at scale. arXiv 2020, arXiv:2010.11929.

14. Gu, A.; Dao, T. Mamba: Linear-time sequence modeling with selective state spaces. arXiv 2023, arXiv:2312.00752.
15. Zhang, Q.; Wu, Y.; Ruan, J. Mamba-Vision: A State Space Model for Efficient Video Understanding. arXiv 2024, arXiv:2405.06789.
16. Chen, Y.; Liu, M.; Zhang, S. Mamba-Transformer: A Hybrid Architecture for Efficient Sequence Modeling. arXiv 2024,

arXiv:2403.04567.
17. Bougourzi, F.; Dornaika, F.; Taleb-Ahmed, A. Deep learning based face beauty prediction via dynamic robust losses and ensemble

regression. Knowl.-Based Syst. 2022, 242, 108246. [CrossRef]
18. Hammoudi, K.; Benhabiles, H.; Melkemi, M.; Dornaika, F.; Arganda-Carreras, I.; Collard, D.; Scherpereel, A. Deep learning on

chest X-ray images to detect and evaluate pneumonia cases at the era of COVID-19. J. Med. Syst. 2021, 45, 75. [CrossRef]
19. Tang, Y.; Li, M.D.; Capparelli, E.; Patel, S. Quantifying pneumonia severity using deep learning regression models. Med. Image

Anal. 2020, 60, 101630.
20. Ajagbe, S.A.; Adigun, M.O. Deep learning techniques for detection and prediction of pandemic diseases: A systematic literature

review. Multimed. Tools Appl. 2024, 83, 5893–5927. [CrossRef]
21. Kim, S.Y.; Diggans, J.; Pankratz, D.; Huang, J.; Pagan, M.; Sindy, N.; Tom, E.; Anderson, J.; Choi, Y.; Lynch, D.A.; et al. Classification

of usual interstitial pneumonia in patients with interstitial lung disease: Assessment of a machine learning approach using
high-dimensional transcriptional data. Lancet Respir. Med. 2015, 3, 473–482. [CrossRef]

22. Van Opbroek, A.; Ikram, M.A.; Vernooij, M.W.; De Bruijne, M. Automatic brain tissue segmentation by multi-feature SVM
classification. NeuroImage 2017, 125, 224–233.

23. Ting, D.S.W.; Cheung, C.Y.; Lim, G.; Tan, G.S.; Quang, N.D.; Gan, A.; Agrawal, R.; Alam, S.M.; Yeo, I.Y.; Lee, S.E.e.a. Deep
learning fundus image analysis for diabetic retinopathy and macular edema grading. Ophthalmology 2019, 126, 1057–1065.

24. Hemdan, E.E.D.; Shouman, M.A.; Karar, M.E. COVIDX-Net: A framework of deep learning classifiers to diagnose COVID-19 in
X-ray images. arXiv 2020, arXiv:2003.11055.

25. Gao, L.; Zhang, Z.; Guo, X.; Yin, Y. Quantification and severity grading of COVID-19 in CT images using deep learning. Comput.
Biol. Med. 2021, 134, 104323.

26. Castro, M.P.; Mo, J.; Thomas, R.; Harrell, P.; Lall, C. AI-driven severity assessment of COVID-19 pneumonia using CT scans.
Radiol. Artif. Intell. 2020, 2, e200054.

27. Irmak, E. COVID-19 disease severity assessment using CNN model. IET Image Process. 2021, 15, 1814–1824. [CrossRef]
28. Colombi, D.; Bodini, F.C.; Petrini, M.; Maffi, G.; Morelli, N.; Milanese, G.; Silva, M.; Sverzellati, N.; Michieletti, E. Well-aerated

lung on admitting chest CT to predict adverse outcome in COVID-19 pneumonia. Radiology 2020, 296, E86–E96. [CrossRef]
29. Wong, A.; Lin, Z.; Wang, L.; Chung, A.; Shen, B.; Abbasi, A.; Hoshmand-Kochi, M.; Duong, T. Towards computer-aided severity

assessment via deep neural networks for geographic and opacity extent scoring of SARS-CoV-2 chest X-rays. Sci. Rep. 2021,
11, 9315. [CrossRef]

30. Tang, J.; Li, X.; Liu, J.; Xu, X.; Cheng, X.; Yu, H.; Zhao, H. Automated severity assessment of COVID-19 using convolutional
neural networks with chest X-rays. Pattern Recognit. 2021, 114, 107746.

31. Wehbe, R.M.; Sheng, J.; Dutta, S.; Chai, S.; Dravid, A.; Barutcu, S.; Wu, Y.; Cantrell, D.R.; Xiao, N.; Allen, B.D.; et al. DeepCOVID-
XR: An artificial intelligence algorithm to detect COVID-19 on chest radiographs trained and tested on a large US clinical data set.
Radiology 2021, 299, E167–E176. [CrossRef]

32. Angara, S.; Thirunagaru, S. Study of Vision Transformers for COVID-19 Detection from Chest X-rays. arXiv 2023, arXiv:2307.09402.
33. Krishnan, K.S.; Krishnan, K.S. Vision transformer based COVID-19 detection using chest X-rays. In Proceedings of the 2021 6th

International Conference on Signal Processing, Computing and Control (ISPCC), Solan, India, 7–9 October 2021; IEEE: Piscataway,
NJ, USA, 2021; pp. 644–648.

34. Zhang, Y.; Zhang, S.; Chen, B.; Zhou, X.; Li, W. Vision Transformer-based Model for Severity Quantification of Lung Pneumonia
Using Chest X-ray Images. arXiv 2023, arXiv:2303.11935.

35. Taslimi, S.; Taslimi, S.; Fathi, N.; Salehi, M.; Rohban, M.H. Swinchex: Multi-label classification on chest x-ray images with
transformers. arXiv 2022, arXiv:2206.04246.

36. Zhang, L.; Wen, Y. A transformer-based framework for automatic COVID19 diagnosis in chest CTs. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, Montreal, BC, Canada, 11–17 October 2021; pp. 513–518.

37. Li, X.; Xu, X.; Liu, Y.; Zhao, X. CheX-DS: Improving Chest X-ray Image Classification with Ensemble Learning Based on DenseNet
and Swin Transformer. In Proceedings of the 2024 IEEE International Conference on Bioinformatics and Biomedicine (BIBM),
Lisboa, Portugal, 3–6 December 2024; pp. 5295–5301. [CrossRef]

38. Wienholt, P.; Hermans, A.; Khader, F.; Puladi, B.; Leibe, B.; Kuhl, C.; Nebelung, S.; Truhn, D. An Ordinal Regression Framework
for a Deep Learning Based Severity Assessment for Chest Radiographs. arXiv 2024, arXiv:2402.05685.

39. Aboutalebi, H.; Pavlova, M.; Shafiee, M.J.; Sabri, A.; Alaref, A.; Wong, A. COVID-Net CXR-S: Deep Convolutional Neural
Network for Severity Assessment of COVID-19 Cases from Chest X-ray Images. arXiv 2021, arXiv:2105.00256. [CrossRef]

http://dx.doi.org/10.1016/j.knosys.2022.108246
http://dx.doi.org/10.1007/s10916-021-01745-4
http://dx.doi.org/10.1007/s11042-023-15805-z
http://dx.doi.org/10.1016/S2213-2600(15)00140-X
http://dx.doi.org/10.1049/ipr2.12153
http://dx.doi.org/10.1148/radiol.2020201433
http://dx.doi.org/10.1038/s41598-021-88538-4
http://dx.doi.org/10.1148/radiol.2020203511
http://dx.doi.org/10.1109/BIBM62325.2024.10822262
http://dx.doi.org/10.3390/diagnostics12010025


Diagnostics 2025, 15, 1301 17 of 18

40. Chen, Y.; Liu, Y.; Chen, G.; Zhang, Q.; Wu, Y.; Ruan, J. FT-Mamba: A Novel Deep Learning Model for Efficient Tabular Regression.
In Proceedings of the 2024 IEEE International Conference on Bioinformatics and Biomedicine (BIBM), Lisboa, Portugal, 3–6
December 2024; pp. 3096–3100. [CrossRef]

41. Li, W.; Zhang, Y.; Chen, B. Mamba-Diffusion: Latent Diffusion Models with State Space Backbones for Efficient Data Generation.
arXiv 2024, arXiv:2407.08901.

42. Huang, W.; Pan, Y.; Hong, Y. Mamba-GAN: Generative Adversarial Networks with State Space Models for High-Resolution
Image Synthesis. arXiv 2024, arXiv:2406.07890.

43. Ye, Z.; Zhang, L. P-Mamba: Marrying Perona Malik Diffusion with Mamba for Efficient Pediatric Echocardiographic Left
Ventricular Segmentation. arXiv 2024, arXiv:2402.01111.

44. Zhao, X.; Li, X.; Xu, X. Mamba for Medical Imaging: Efficient Long-Range Dependency Modeling in 3D Volumes. arXiv 2024,
arXiv:2404.05678.

45. Gong, H.; Li, H. nnMamba: 3D Biomedical Image Segmentation, Classification and Landmark Detection with State Space Model.
arXiv 2024, arXiv:2402.00505.

46. Xu, C.; Pan, Y.; Hu, B.; Zhang, Y.; Hong, Y.; Yang, Y. Enhancing Chest X-ray Diagnostics with Neighbor-assisted Multimodal
Integration. In Proceedings of the 2024 IEEE International Conference on Bioinformatics and Biomedicine (BIBM), Lisboa,
Portugal, 3–6 December 2024; pp. 3872–3876. [CrossRef]

47. Rajaraman, S.; Liang, Z.; Xue, Z.; Antani, S. Addressing Class Imbalance with Latent Diffusion-based Data Augmentation
for Improving Disease Classification in Pediatric Chest X-rays. In Proceedings of the 2024 IEEE International Conference on
Bioinformatics and Biomedicine (BIBM), Lisboa, Portugal, 3–6 December 2024; pp. 5059–5066. [CrossRef]

48. Wang, H.; Lin, Y.; Ding, X.; Li, X. Tri-Plane Mamba: Efficiently Adapting Segment Anything Model for 3D Medical Images. arXiv
2024, arXiv:2406.04377.

49. Bansal, S.; Sreeharish, A.; Prasath, M.; Manikandan, S.; Madisetty, S.; Rehman, M.Z.U.; Raghaw, C.S.; Duggal, G.; Kumar, N.
A Comprehensive Survey of Mamba Architectures for Medical Image Analysis: Classification, Segmentation, Restoration and
Beyond. arXiv 2024, arXiv:2410.02362.

50. Liao, W.; Ma, L. LightM-UNet: Mamba Assists in Lightweight UNet for Medical Image Segmentation. arXiv 2024,
arXiv:2402.02828.

51. Wang, Z.; Li, L. Mamba-UNet: UNet-Like Pure Visual Mamba for Medical Image Segmentation. arXiv 2024, arXiv:2402.00505.
52. Ruan, J.; Ma, S. VM-UNet: Vision Mamba UNet for Medical Image Segmentation. arXiv 2024, arXiv:2402.00303.
53. Wang, Z.; Ma, C. Weak-Mamba-UNet: Visual Mamba Makes CNN and ViT Work Better for Scribble-based Medical Image

Segmentation. arXiv 2024, arXiv:2402.01313.
54. Liu, Y.; Tian, Y.; Zhao, Y.; Yu, H.; Xie, L.; Wang, Y.; Ye, Q.; Jiao, J.; Liu, Y. Vmamba: Visual state space model. Adv. Neural Inf.

Process. Syst. 2025, 37, 103031–103063.
55. Zhou, Z.; Rahman Siddiquee, M.M.; Tajbakhsh, N.; Liang, J. Unet++: A nested u-net architecture for medical image segmentation.

In Proceedings of the Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical Decision Support: 4th International
Workshop, DLMIA 2018, and 8th International Workshop, ML-CDS 2018, held in conjunction with MICCAI 2018, Granada, Spain, 20
September 2018; Proceedings 4; Springer: Berlin/Heidelberg, Germany, 2018; pp. 3–11.

56. Cohen, J.P.; Dao, L.; Roth, K.; Morrison, P.; Bengio, Y.; Abbasi, A.F.; Shen, B.; Mahsa, H.K.; Ghassemi, M.; Li, H.; et al. Predicting
covid-19 pneumonia severity on chest x-ray with deep learning. Cureus 2020, 12, e9448. [CrossRef] [PubMed]

57. Danilov, V.; Proutski, A.; Kirpich, A.; Litmanovich, D.; Gankin, Y. Dataset for COVID-19 Segmentation and Severity Scoring. 2022.
Available online: https://data.mendeley.com/datasets/36fjrg9s69/1 (accessed on 5 December 2024).

58. Cohen, J.P.; Shen, B.; Abbasi, A.; Hoshmand-Kochi, M.; Glass, S.; Li, H.; Lungren, M.P.; Chaudhari, A.; Duong, T.Q. Radiographic
Assessment of Lung Opacity Score Dataset. 2021. Available online: https://data.niaid.nih.gov/resources?id=zenodo_4633999
(accessed on 10 October 2024).

59. Slika, B.; Dornaika, F.; Merdji, H.; Hammoudi, K. Lung pneumonia severity scoring in chest X-ray images using transformers.
Med. Biol. Eng. Comput. 2024, 62, 2389–2407. [CrossRef]

60. Wang, L.; Lin, Z.Q.; Wong, A. COVID-Net: A tailored deep convolutional neural network design for detection of covid-19 cases
from chest x-ray images. Sci. Rep. 2020, 10, 19549. [CrossRef]

61. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778.

62. Liu, Z.; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin transformer: Hierarchical vision transformer using shifted
windows. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Montreal, QC, Canada, 10–17 October
2021; pp. 10012–10022.

63. Chollet, F. Xception: Deep learning with depthwise separable convolutions. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 1251–1258.

http://dx.doi.org/10.1109/BIBM62325.2024.10822174
http://dx.doi.org/10.1109/BIBM62325.2024.10822479
http://dx.doi.org/10.1109/BIBM62325.2024.10822172
http://dx.doi.org/10.7759/cureus.9448
http://www.ncbi.nlm.nih.gov/pubmed/32864270
https://data.mendeley.com/datasets/36fjrg9s69/1
https://data.niaid.nih.gov/resources?id=zenodo_4633999
http://dx.doi.org/10.1007/s11517-024-03066-3
http://dx.doi.org/10.1038/s41598-020-76550-z


Diagnostics 2025, 15, 1301 18 of 18

64. Howard, A.; Sandler, M.; Chu, G.; Chen, L.C.; Chen, B.; Tan, M.; Wang, W.; Zhu, Y.; Pang, R.; Vasudevan, V.; et al. Searching for
MobileNetV3. arXiv 2019. [CrossRef]

65. Szegedy, C.; Liu, W.; Jia, Y.; Sermanet, P.; Reed, S.; Anguelov, D.; Erhan, D.; Vanhoucke, V.; Rabinovich, A. Going deeper with
convolutions. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA, USA, 7–12 June
2015; pp. 1–9.

66. Slika, B.; Dornaika, F.; Hammoudi, K. Multi-Score Prediction for Lung Infection Severity in Chest X-Ray Images. IEEE Trans.
Emerg. Top. Comput. Intell. 2024, 9, 2052–2058. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.48550/ARXIV.1905.02244
http://dx.doi.org/10.1109/TETCI.2024.3359082

	Introduction
	Related Work
	Proposed Methodology
	Proposed Model
	Data Augmentation: Segmented Lung Replacement
	Self-Segmented Lung Replacement
	Cross-Segmented Lung Replacement


	Performance Evaluation
	Datasets
	RALO Dataset
	COVID-19 Dataset

	Experimental Results and Comparison
	Discussion

	Conclusions
	References

