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Abstract

Lung infections, particularly pneumonia, pose significant
health risks and can rapidly worsen, especially during pan-
demics. Developing advanced Al-driven tools for severity
prediction based on medical imaging is essential for timely
decision-making and treatment, ultimately saving lives. In
this study, we introduce a novel approach applicable to mul-
tiple medical imaging modalities, including CT scans and
chest X-rays, for predicting lung infection severity. Our
method consists of two key components: a Transformer-
based severity prediction model and an augmentation strat-
egy called Conditional Online TransMix, designed to ad-
dress data imbalance. The proposed model employs par-
allel encoders, integrating Pyramid Vision Transformers
(PVTs) with a cross-gated attention mechanism and a fea-
ture aggregation module to generate a scalar severity score.
To enhance model generalization across datasets, we in-
troduce a tailored augmentation technique that synthesizes
new mixed severity scores linked to image patches. We vali-
date our approach using the RALO CXR and Per-COVID-19
CT datasets, demonstrating superior performance on multi-
image modalities compared to several state-of-the-art deep
learning models. By incorporating a customized weighted
loss function, our method enhances the precision of auto-
mated lung disease severity assessment, providing a reliable
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and adaptable Al tool for clinical diagnosis and treatment
planning.

1. Introduction

Lung diseases, including chronic obstructive pulmonary
disease and interstitial lung disease, pose major global
health challenges due to their high morbidity and mortal-
ity rates [43]. Accurate diagnosis and assessment are es-
sential for effective treatment, yet traditional methods like
clinical evaluation and pulmonary function tests often lack
early and detailed insights [15]. Medical imaging, particu-
larly chest X-rays (CXRs) and computed tomography (CT)
scans, plays a crucial role in diagnosing and monitoring
lung diseases [1, 5]. While these imaging techniques pro-
vide noninvasive visualization of lung pathology, their inter-
pretation requires expertise and is subject to interobserver
variability, leading to potential inconsistencies [5, 26].
Deep learning has emerged as a powerful tool for med-
ical image analysis, enabling automated and efficient di-
agnostic solutions [7, 30]. Convolutional Neural Net-
works (CNNs) have shown strong performance in detect-
ing and classifying lung diseases from CXRs and CT scans
[14, 28, 46]. However, severity prediction remains chal-
lenging due to the limited availability of pixel-wise anno-
tations, which are costly and time-consuming to obtain.



Recent approaches have explored direct severity estima-
tion, but robust methods that generalize well across diverse
datasets are still needed.

Previous studies have proposed deep learning models for
severity prediction, such as regression models for pneumo-
nia severity [37] and multimodal approaches for COPD as-
sessment [23]. However, challenges persist, including vari-
ability in disease presentation, dataset imbalance, and lim-
ited labeled data, which hinder model generalization and
clinical adoption [20, 44, 45].

To address these issues, we propose a transformer-based
model integrating cross-attention and parallel encoders to
quantify lung disease severity. We validate our approach
using CXRs and CT scans, introducing Conditional Online
TransMix to mitigate data imbalance. Additionally, we em-
ploy an ensemble strategy to enhance performance by aver-
aging predictions from top-performing models. The contri-
butions of this work are listed below:

* Development of a transformer-based model using cross-
attention for severity quantification.

* Performance evaluation on CXRs and CT scans to ensure
robustness across multiple imaging modalities.

* Implementation of Conditional Online TransMix aug-
mentation to address training data imbalance.

¢ Introduction of an ensemble method to improve predic-
tion accuracy.

The rest of the paper is organized as follows: Section 2

provides an overview of related studies. Section 3 details

the proposed lung severity quantification model. Section 4

presents the performance evaluation, including the datasets

used, experimental results, and an ablation analysis. In Sec-

tion 5, we discuss the obtained results. Finally, Section 6

recaps the findings and provides concluding remarks.

2. Related Work

In recent years, deep learning has advanced significantly in
medical image analysis, particularly for diagnosing and as-
sessing lung diseases using CXRs and CT scans [27]. The
development of models for severity prediction has become
a key research focus, providing quantitative assessments
to aid clinical decision-making. Traditional deep learn-
ing methods have been widely explored for lung disease
severity prediction. Tang et al. [37] introduced a regres-
sion model for pneumonia severity estimation from CXRs,
achieving strong correlations with clinical severity scores.
Similarly, Santosh et al. [23] proposed a multimodal deep
learning approach that integrated CXRs and CT scans to
improve severity assessment accuracy for COPD. Xu et al.
[46] developed a framework for pneumonia severity detec-
tion using CXRs, emphasizing clinically relevant features.
Numerous studies have further highlighted the critical role
of deep learning in addressing healthcare challenges, par-
ticularly in lung disease evaluation [2, 4, 8, 16, 22, 29].
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More recently, Vision Transformers (ViTs) have signif-
icantly improved disease detection and severity quantifica-
tion using CXRs and CT scans. Shome et al. [31] intro-
duced the COVID-Transformer, an interpretable ViT model
for detecting COVID-19 and its accurate diagnosis. Kim et
al. [21] applied ViTs for severity quantification and lesion
localization in CXRs for monitoring disease progression.
Le Dinh et al. [24] combined CNNs with transformers to
enhance classification and severity assessment of COVID-
19 cases. Deepa et al. [13] employed Swin Transformers
to improve COVID-19 severity assessment, showcasing the
model’s ability to distinguish infection levels.

Other works have explored innovative transformer-based
methodologies. Taye et al. [38] used ViTs to classify
COVID-19 severity from thoracic CT scans, leveraging
high-resolution imaging analysis. Sun et al. [35] enhanced
diagnostic accuracy by integrating demographic data with a
Swin Transformer model. Additionally, Huang et al. [19]
introduced DeepCoVDR, a transfer learning model incor-
porating graph transformers and cross-attention to predict
COVID-19 drug response. Collectively, these studies high-
light the advantages of transformer architectures in achiev-
ing high accuracy and robustness in disease detection and
severity assessment.

While many existing studies have operated transformers
for diagnostic tasks, most focused on disease detection or
classification rather than severity quantification. Addition-
ally, prior work typically relies on a single imaging modal-
ity for severity assessment. In contrast, our approach aims
to predict severity scores from both CXRs and CT scans
within a unified model, ensuring consistency and improved
generalization across multiple imaging modalities.

3. Proposed Methodology
3.1. Proposed Model

Our work aims to predict the severity of lung pneumonia by
using two medical imaging modalities. We employed paral-
lel encoders combined with a gated cross-attention mecha-
nism and a feature aggregator to estimate a scalar value rep-
resenting the severity of the lung infection. The structural
framework of our proposed model is depicted in Figure 1.
The proposed model is trained in an end-to-end fashion.

3.1.1. Model Encoder

The model splits an image into four quadrants, each pro-
cessed independently by a Transformer-based block. How-
ever, to capture inter-region dependencies, cross-attention
is applied between different quadrants before feature aggre-
gation. The encoder is designed with a parallel architec-
ture, where it processes multiple input pathways simultane-
ously. The input image [ is first resized to dimensions of
2H x 2W x C and then divided into four separate regions.
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Figure 1. Illustration of the proposed model.

This resizing ensures that each quadrant matches the in-
put size expected by the pre-trained Pyramid Vision Trans-
former (PVT) [41] models. Thus, each region with dimen-
sions H x W x C'is fed into a separate PVT [41]. The PVT
is an advanced model that adapts the Vision Transformer
(ViT) architecture to better handle image recognition tasks
by addressing some limitations in capturing multi-scale fea-
tures. The PVT encoder employs Spatial-Reduction At-
tention (SRA) to enhance computational efficiency while
maintaining strong feature representation. SRA processes
queries, keys, and values, but it significantly reduces spa-
tial complexity by downsampling keys and values before
the attention operation, which allows the model to han-
dle larger input feature maps. Each PVT model processes
the image using a hierarchical structure with four stages
(k = 1,2,3,4), where each stage has different embedding
dimensions, depths, and attention heads. The output size at
each stage is given by:

H
2k—1

- (M)
where P is the patch size and CY, is the number of channels
after the k' stage. At each stage, the resolution is further
downsized, with each reduction capturing broader contex-
tual information as shown in Figure 1. The final output of
each PVT has a small spatial resolution with a high number
of channels, providing a rich representation that combines
global context with fine-grained details. To leverage pre-
trained weights and mitigate the limitations of scarce train-
ing data, a pre-trained PVT model on ImageNet is utilized.

In our setup, H 224, W 224, P 4, and
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{C1,C5,C53,C4} = {32,64,160,256}. The channel size
160 in the third stage reflects an experimentally optimized
balance between feature richness and computational effi-
ciency, particularly when used with corresponding multi-
head attention settings (1,2,5,8), which aligns with the
scale of these channels. The input image I is divided into
four sections, resulting in four 3D feature tensors Z;. Each
of these tensors is then processed using an Attention Gate
(AG) defined by the following expression:

Z9

2

AG{Z;,G;} (2)
P (conv[ReLU (conv(G;) + conv(Z;))]) ® Z;

The inner layers perform linear transformations using 1 x 1
convolutional blocks, which adjust the number of channels
in the input and gating signals C'z, and Cg, to intermedi-
ate feature representations C},,;. The features derived from
Cz, and C¢, are combined and passed through a third 1 x 1
convolutional layer, producing a 2D weight map. The sig-
moidal activation function ¢ is then used to learn the spa-
tial attention coefficients for each patch token. These spatial
coefficients are applied to the encoder’s feature maps Z;, ®
representing element-wise multiplication.

Z; is used as the input signal, and the gating signal
G, is formed by concatenating the features from the other
three quarters. Specifically, G concat{Zs, Z3, Zy},
Go = concat{Zy,Z3,7Z4}, Gs = concat{Z,Zs, Zs},
and G4 concat{Zy,Zs,Z3}. This operation performs
cross-attention between the tokens of the current image re-
gion and those from the other three regions. Attention
scores are computed across the tokens of different regions,



enabling the model to assess the relative importance of spa-
tial features across the image.

3.1.2. Features Processing and Regression Head

The resulting tensors are then concatenated along the spa-
tial dimension. Specifically, the four tensors resulting from
the four partial images are grouped horizontally and verti-
cally, as shown in Figure 1. A convolution step is applied,
followed by an additional Vision Transformer (ViT). This
additional ViT is used to process the combined features and
serves as a feature aggregator. It refines the information
extracted from the different regions before predicting the
severity score. The MLP head of the ViT is replaced by
a regression head consisting of two fully connected layers
that map the output vector of the ViT into a single scalar
representing the predicted score.

3.2. Data Augmentation

In our work, we have addressed the problem of score imbal-
ance in the dataset by using an online augmentation tech-
nique based on the TransMix method [9]. Although this
technique was originally proposed for classification tasks,
we have adapted it for regression by generating new mixed
scores for the newly mixed images. This data augmenta-
tion technique uses attention maps to drive the score-mixing
process. The mixed image is obtained using the traditional
CutMix method [47], where a random patch of an image
is inserted into another one to form a new mixed image, as
shown in Figure 2. Its relative ground truth score is calcu-
lated following the TransMix approach. TransMix uses this
attention map Att to control the process of mixing scores.
In this context, A (representing the proportion of the source
image) is set to the sum of the weights in the Att that over-
laps with the clipping mask, each weight corresponding to
the importance assigned to a particular region of the image.
Given images A and B, we update the mixing coefficients
A using the Att of the mixed image by nearest-neighbor in-
terpolation that downsamples the mask from H x W into P
pixels. In this way, we can dynamically reassign the weights
of the scores depending on how much the Att is directed to
each patch. The ground truth score of the mixed image v is:

3)

where y4 and yp are the ground truth scores of images A
and B, respectively.

In our implementation, TransMix was applied condition-
ally to address dataset imbalance by focusing on underrep-
resented scores. The chosen threshold is derived from the
training dataset’s score distribution. Figure 3 illustrates the
distribution of GE scores across the dataset, revealing that
images with a score greater than 4 are more prevalent than
those with a score of 4 or less. This imbalance suggests
a natural division within the data, prompting us to use a

J=Axyp+ (1 —=A)*ya,
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Figure 2. TransMix applied to CT images.

score of 4 as a threshold. By setting this threshold, we
effectively target the less frequent data with the proposed
augmentation method. Similarly, for the LO scores, images
with scores below 2 and above 6 are less frequent compared
to those within the mid-range scores. This highlights the
scarcity of cases with either very low or very high severity,
which could pose challenges for the model’s training and
evaluation. We applied the augmentation to the scarce data
to ensure balanced representation and accurate predictions
across all severity levels.

On the other hand, Figure 4 shows the distribution of
scores for CT scans, revealing that images with a score
greater than 10 are less frequent. This indicates that the
majority of the dataset consists of images with a score of
0, while those with non-zero scores are comparatively rare.
This imbalance highlights the need for careful consideration
during model training to ensure that cases with non-zero
scores are adequately represented for reliable performance
across the full range of scores (0-100), which is achieved by
data augmentation.

3.3. Loss Function

For unbalanced data sets, a user-defined weighted loss func-
tion effectively balances the data distribution and ensures
that the model focuses on critical features. With this tech-
nique, the loss contributions of the different scores are
weighted differently. This is particularly useful when im-
ages with a certain severity are underrepresented in the
training dataset. By weighting the loss associated with these
minority categories higher, the model is instructed to pay
more attention to these critical examples during training.
The weights are calculated using equation (4).

N
-k

“)

w; =
Cl

Here, w; is the weight for the t" score level, N is the total

number of images in the training dataset, ¢; is the number of
samples in the 1t" score level, and k is the total number of
score levels. Since we are dealing with two modalities and
their respective scores, we have different parameter values
in each case. For the RALO dataset (k = 17), the scores
range from 0 — 8 with an increment of 0.5. The score labels
of the Per-COVID-19 CT ranges from 0 — 100 with an in-
crement of 1 forming 101 score levels (k = 101). We use



these weights to calculate the weighted loss function Ly, as
follows:

N
£W=ZMi|yz‘—Qz‘|, )
i=1
where w; is the weight for the i*" image (computed from
Eq. (4)), y; is the ground truth value for the i*” image, 9;
is the predicted value for the ith image, and N is the to-
tal number of images. For lung severity quantification, a
custom weighted loss function ensures that the model ade-
quately learns to distinguish between different levels of dis-
ease severity, thereby providing more reliable and fine as-
sessments that are crucial for effective patient management.
In our work, we used AdamW optimizer with a learn-
ing rate set to 1075. This choice of optimizer was made to
ensure better convergence and weight decay handling. Ad-
ditionally, we used a cosine annealing warm restarts sched-
uler with an initial restart period equal to the length of the
training loader and a multiplication factor of 2.

4. Performance Evaluation

4.1. Datasets
4.1.1. RALO Dataset

The primary goal of this research is to evaluate the effec-
tiveness of deep learning models in determining the sever-
ity of lung diseases. To accomplish this, we utilized the
Radiographic Assessment of Lung Opacity Score (RALO)
dataset, which consists of 2,373 CXR images [12]. These
images were scored by two expert radiologists from Stony
Brook Medicine. The dataset is divided into a training set
of 1,878 images and a test set of 495 images. The radiolog-
ical grading focuses on two key criteria: Geographic Ex-
tent (GE) and Lung Opacity (LO). GE refers to the spread
of lung involvement by ground-glass opacity or consolida-
tion, with separate scores for the right and left lungs. The
GE score ranges from O (no consolidation) to 4 (maximum
consolidation), and the overall GE score is the sum of the
left and right lung scores. LO is assessed independently
for each lung, with scores ranging from O (no opacity) to
4 (total whiteout), reflecting varying degrees of lung opac-
ity. The total LO score, which ranges from 0 to 8 points,
is calculated by summing the scores of both lungs. The fi-
nal ground-truth scores are averages of the two radiologists’
evaluations and range from 0 to 8 [42]. An offline combined
lung and score replacement is applied to the training set as
done in a previous work [32]. The resultant dataset is dis-
tributed as shown in Figure 3.

4.1.2. Per-COVID-19 Dataset

The Per-COVID-19 dataset’s training and validation splits
were derived from 189 CT scans, each confirming a
COVID-19 infection [3, 39]. COVID-19 diagnosis in this
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Figure 3. RALO training set scores distribution of GE and LO
scores.

dataset is based on a positive reverse transcription poly-
merase chain reaction (RT-PCR) test and findings from CT
scans, which two experienced thoracic radiologists care-
fully interpreted. Each CT scan comprises 40-70 slices,
and the radiologists determined the percentage of lung area
affected by COVID-19 infection relative to the total lung
area. These COVID-19 Infection Percentage (CIP) annota-
tions are expressed as percentages between 0% and 100%.
The dataset is divided into 3,054 training slices and 1,301
validation slices [3, 39]. The testing split of Per-COVID-19
combines three different COVID-19 segmentation datasets
[3]. For the test data, the ground truth for CIP is calcu-
lated by determining the proportion of infected pixels rel-
ative to the total number of lung pixels, using both the in-
fection and lung segmentation masks. producing accurate
CIP compared with the ones of training and validation data.
The Per-COVID-19 dataset presents additional challenges
beyond typical CIP estimation from CT scans. Specifically,
the challenge arises from training models with noisy labeled
data, as the CIP ground truth for both the training and vali-
dation sets was estimated by radiologists on a scale of 100.
Additionally, the research addresses domain adaptation is-
sues, as the testing data originates from three sources differ-
ent from those of the training data [6]. Figure 4 shows the
distribution of the training data used in our paper.
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Figure 4. Per-COVID-19 training set with CIP score distribution.

4.2. Experimental Results and Comparison

To assess the severity of lung disease, we applied our model
to both CXR and CT modalities. The refined RALO dataset,
comprising 5,634 images, provides GE and LO scores rang-
ing from O to 8, indicating the extent of disease from mild
to critical. In our study, we used both the original images
and the images with combined lung and score replacement
augmentation from a previous work [32], but with the addi-
tion of a conditional online score-correlated TransMix aug-
mentation strategy. The details of the applied method are
described in Section 3.2.

Moreover, to estimate the generalizability of our model
in assessing lung disease severity, we tested its performance
on CT images. Using the Per-COVID-19 dataset, which
comprises 3,054 images, we trained the proposed model
to predict the infection percentage, which is a scalar value
ranging from 0 to 100. The infection percentage is highly
correlated with infection progression and severity. During
training, conditional online score-correlated TransMix aug-
mentation was applied to balance the dataset, following the
strategy described in Section 3.2.

We performed comparisons with SOTA architectures for
both modalities to emphasize the superior performance of
the proposed model. For the CXR modality, several deep-
learning models are included in this comparison, such as
COVID-NET [42], COVID-NET S [40], ResNet50 [17],
Swin Transformer [25], XceptionNet [10], Feature Extrac-
tion [11], MobileNetV3 [18], InceptionNet [36], ViTReg-1P
[34], MViTReg-IP [33], in addition to our proposed model.
Table 1 shows the key performance metrics.

On the other hand, a comparison is conducted with lead-
ing existing methods while training on CT images. The re-
sults are collected from [6]. Tables 2 and 3 show these re-
sults for the CT dataset for both the validation CT set and
the test CT set, respectively.

The performance of the models is assessed by comput-
ing the Mean Absolute Error (MAE) and the Pearson corre-
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Table 1. Performance Evaluation of the Proposed Method vs.
SOTA Work on the RALO Dataset.

GE LO Number of
Model MAE | | PCT | MAE | | PC 1 | parameters
COVID-NET[42] 4458 | 0.549 | 2.242 | 0.535 12M
COVID-NET-S[40] 4.698 | 0.591 | 2.254 | 0.529 12M
ResNet50 [17] 1.094 | 0.688 1.061 | 0.431 23M
Swin Transformer([25] 0916 | 0.817 | 0.803 | 0.697 29M
XceptionNet[10] 0.854 | 0.821 | 0.768 | 0.701 23M
Feature Extraction[11] 0.967 | 0.753 0.865 0.711 2.M
MobileNetV3[18] 0.847 | 0.827 | 0.732 | 0.738 4.2M
InceptionNet[36] 0.702 | 0.886 | 0.609 | 0.829 24M
ViTReg-1P[34] 0.565 | 0.925 | 0.510 | 0.857 5.5M
MViTReg-1P [33] 0.531 | 0.938 | 0.462 | 0.881 11.2M
Ours 0.362 | 0.971 | 0.337 | 0.945 28M

Table 2. Performance Evaluation of the Proposed Method vs.
SOTA Work on the Per-COVID-19 validation set [6].

Team MAE| | PC?T

ACVLab 4.99 0.9364
EIDOSlab_Unito 491 0.9429
Ours 542 | 0.9432
ausilianapoli94 4.95 0.9435
TAC 4438 0.9460
SenticLab.UAIC 4.17 0.9487
Taiyuan_university_lab713 4.50 0.9490

Table 3. Performance Evaluation of the Proposed Method vs.
SOTA Work on the Per-COVID-19 test set [6].

Team MAE | | PCY

IPLab 6.53 0.7091
ACVLab 4.86 0.7287
SenticLab.UAIC 4.61 0.7634
EIDOSlab_Unito 5.02 0.7977
TAC 3.64 0.8022
Ours 4.45 0.8094
Taiyuan_university_lab713 3.55 0.8547

lation coefficient (PC) between the predicted scores and the
ground truth values provided by expert radiologists. A per-
fect MAE is 0, which would indicate completely accurate
predictions. The PC measures the strength of the correla-
tion, ranging from -1 to +1, where O indicates no correla-
tion, and +1 represents a perfect linear relationship.

4.3. Ablation Studies

This section analyzes the importance of each component of
our model through various ablation studies. These studies
are designed to validate the model’s robustness across dif-
ferent scenarios and provide deeper insights into its opera-
tional dynamics.

To evaluate the significance of the applied Conditional
TransMix as an online augmentation method, we test our
proposed model, both with and without the application of
TransMix. The goal of these experiments is to assess how



Table 4. Evaluation of the TransMix Augmentation’s Impact on the Proposed Method Using the RALO and Per-COVID-19 Test Sets.

RALO CXR dataset Per-COVID-19 CT dataset
GE LO CT val CT test
TransMix | MAE | | PCt | MAE| | PC1 | MAE | | PC? MAE | | PC1
X 0.370 0.965 | 0.342 0.942 | 5.462 0.9412 | 4.467 0.8081
v 0.362 0.971 | 0.337 0.945 | 5.421 0.9432 | 4.453 0.8094

the augmentation strategy affects the model’s performance
across different tasks and datasets, specifically in predicting
GE and LO from CXRs, as well as the CIP scores from CT
images. Table 4 presents the experimental results.

By eliminating the cross-attention mechanism, the
model’s ability to capture relationships and dependencies
between different regions of the lung images may be dimin-
ished, potentially affecting the accuracy of the severity pre-
dictions. To evaluate the impact of gated cross-attention, we
compared the model’s performance with and without this
mechanism. We tested a modified version where these com-
ponents were excluded. In the modified model, the encoder
processes each of the four image regions independently, and
the resulting tensors are directly concatenated. The out-
comes of these experiments are shown in Table 5.

We propose an ensemble model that combines the
strengths of the best-performing architectures to enhance
prediction accuracy. We leverage multiple models by av-
eraging their outputs to produce a final prediction. Each of
the highly performing models generates its predicted scores
which are then averaged and compared against the ground
truth scores. By aggregating the outputs from multiple ar-
chitectures, the ensemble model aims to reduce the impact
of errors from any single model, leading to more robust and
accurate predictions across different tasks and datasets. The
individual models used in the ensemble are variations of the
proposed model, where either the encoders or the aggre-
gator transformer are modified. We present three specific
models: the one presented in this paper utilizes a PVT en-
coder with a ViT aggregator, another one uses a ViT encoder
with a PVT aggregator, and the last one combines both PVT
encoders and a PVT aggregator. By averaging the outputs of
these three models, the ensemble aims to enhance the over-
all prediction accuracy by leveraging the strengths of each
configuration. Table 6 shows the results of each of the three
models and the ensemble method in terms of MAE and PC.

5. Discussion

Table | shows that our proposed model achieves the lowest
MAE of 0.362 for GE and 0.337 for LO, indicating that our
model provides the most accurate predictions. Moreover, it
achieves the highest PC values of 0.971 for GE and 0.945
for LO, showing a strong correlation between the predicted
scores and the actual ground truth values. These results
highlight the superior predictive capability and reliability of
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our proposed approach. Additionally, Table | compares the
number of parameters for each model, providing valuable
insights into their complexity and computational require-
ments. While our model has a relatively higher number of
parameters compared to SOTA approaches, it achieves su-
perior performance. Moreover, the model size of 28M pa-
rameters remains within the average range for computer vi-
sion models. Considering the complexity of medical imag-
ing tasks, this model size is relatively lightweight and well-
suited for healthcare applications.

On the other hand, Tables 2 and 3 reveal that our pro-
posed model has a comparative performance against sev-
eral SOTA models on the Per-COVID-19 dataset, both for
the validation and test sets. As shown in Table 2, our
model achieves an MAE of 5421 and a PC of 0.9432
for the validation set. Although this MAE is slightly
higher than that of the top-performing models such as
“Taiyuan_university_lab713” (MAE of 4.50), our model’s
performance in terms of PC metric is still competitive, re-
flecting a high degree of correlation between the predicted
and ground truth values. Notably, our PC value of 0.9432
is comparable to that of the leading teams, such as “ausil-
ianapoli94” (PC of 0.9435) which indicates that our model
is accurate and its prediction consistency is strong. Sim-
ilarly, this is shown in Table 3 where the results over the
test set are presented. Our model exhibits a more competi-
tive performance with an MAE of 4.45, and a PC of 0.8094.
This MAE value is lower than those achieved by several
other models and our PC value of 0.8094 is higher than
those of many competing models, like “SenticLab.UAIC”
(PC of 0.7634), reflecting a better correlation between the
predicted scores and the actual values. The differences in
MAE and PC values between our model and the top per-
formers are marginal, especially considering the score range
(0 to 100). It is important to highlight that the validation la-
bels are naturally noisy. This is because they are based on
radiologists’ direct estimation of the infection percentage
by visually comparing the infected areas to the total lung
volume. However, despite the difficulty of learning from
such noisy data, our approach shows a strong capacity to
generalize in domain adaptation scenarios.

Overall, these tables illustrate that our model demon-
strates robust performance, achieving relatively low MAE
and high PC values compared to the SOTA models. Its abil-
ity to maintain strong correlation scores indicates its relia-



Table 5. Evaluation of the Impact of Gated Cross-Attention on the Proposed Method Using the RALO and Per-COVID-19 Test Sets.

RALO CXR dataset Per-COVID-19 CT dataset
GE LO CT val CT test
Gated cross-attention | MAE | | PCT | MAE| | PCT | MAE| | PC? MAE | | PC1
X 0.371 0.961 | 0.342 0.938 | 5.512 0.9325 | 4.511 0.7684
v 0.362 0.971 | 0.337 0.945 | 5421 0.9432 | 4.453 0.8094

Table 6. Evaluation of Modified Versions of the Proposed Model in Addition to the Ensemble Model.

RALO CXR dataset Per-COVID-19 CT dataset
Model GE LO CT val CT test
Encoder | Aggregator | MAE | | PCtT | MAE| | PCT | MAE | | PC1 MAE | | PC1
ViT PVT 0.399 0.955 | 0.328 0.930 | 5.623 0.9291 | 4.521 0.7772
PVT PVT 0.385 0.959 | 0.342 0.934 | 5.642 0.9328 | 4.501 0.7799
PVT ViT 0.362 0.971 | 0.337 0.945 | 5.421 0.9432 | 4.453 0.8094
Ensemble Model 0.358 0.973 | 0.336 0.948 | 5.409 0.9444 | 4.439 0.8107

bility and effectiveness in severity prediction tasks for both
CXR and CT image analysis.

The ablation studies presented in Table 4 demonstrate the
clear benefits of applying Conditional TransMix as an on-
line augmentation method to our model. The results consis-
tently show that the model performs better with TransMix
across various datasets and prediction tasks. This improve-
ment is reflected in the model’s ability to generate predic-
tions that are more closely aligned with the ground truth,
highlighting its enhanced generalization capabilities. These
findings, demonstrated by a lower MAE and a higher PC,
confirm that the augmentation method significantly boosts
the model’s learning efficiency and overall performance.
The results in Table 5 show that the inclusion of gated cross-
attention significantly improves the model’s performance
for the RALO and the Per-COVID-19 datasets, in which
it leads to a lower MAE and a higher PC, indicating im-
proved prediction accuracy and a stronger correlation with
ground truth. These improvements highlight the effective-
ness of gated cross-attention in capturing dependencies be-
tween different image regions, leading to more accurate and
reliable predictions. By facilitating the exchange of infor-
mation between different regions of the input image, gated
cross-attention enables the model to better understand com-
plex patterns and relationships.

For the ensemble model, Table 6 highlights that while
each individual model configuration has unique strengths,
the third model (PVT encoder and ViT aggregator) gen-
erally outperforms others in terms of MAE and PC across
most datasets. However, the ensemble model, which com-
bines the outputs of all three variations, achieves the best
overall performance. It consistently delivers the lowest
MAE and highest PC values for both GE and LO predic-
tions on the RALO dataset, as well as for CIP scores on
the Per-COVID-19 validation and test sets. These findings
emphasize the effectiveness of an ensemble approach, as it
uses the strengths of multiple models, mitigates individual
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model weaknesses, and reduces the impact of errors from
any single model. The ensemble model’s slight improve-
ments in MAE and PC values demonstrate its superior gen-
eralization ability and resilience to data variability, making
it a powerful strategy for enhancing performance in com-
plex medical imaging tasks.

The ablation studies confirm that the selected parameters
consistently lead to improved performance in both modal-
ities. This validates that our model, with its specific con-
figuration, achieves high performance in predicting severity
scores for both CXRs and CT scans. These results empha-
size the effectiveness of the detailed structure of our model
in achieving excellent results in medical image analysis.

6. Conclusion

Accurate identification of pneumonia is critical to opti-
mize patient care, prevent disease transmission, and initi-
ate public health interventions to reduce the impact of this
widespread and potentially serious respiratory disease. Our
study presents a novel approach that combines a parallel
design of PVTs with cross-gated attention as an encoder
and feature processing with a ViT to improve the computa-
tional assessment of lung disease severity. The results show
that our model performs superiorly when a weighted loss
function is applied. The results across multiple modalities
outperform various deep learning models and several SOTA
techniques. In particular, our method accurately quantifies
the severity of lung disease when applied to CXRs and CT
scans, providing reliable predictions that allow physicians
to make more direct and objective assessments. In addition,
the application of a conditional online augmentation tech-
nique helps to balance the training data and further improve
the prediction accuracy. Overall, our proposed approach not
only improves the accuracy of automatic lung severity as-
sessment but also provides physicians with a versatile tool
for diagnosis and treatment planning.
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