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Abstract

Chest X-ray (CXR) imaging remains one of the most widely used diagnostic tools for
detecting pulmonary diseases such as tuberculosis (TB) and pneumonia. Recent advances
in deep learning, particularly Vision Transformers (ViTs), have shown strong potential
for automated medical image analysis. However, most ViT architectures are pretrained on
natural images and require three-channel inputs, while CXR scans are inherently grayscale.
To address this gap, we propose RepViT-CXR, a channel replication strategy that adapts
single-channel CXR images into a ViT-compatible format without introducing additional
information loss.

We evaluate RepViT-CXR on three benchmark datasets. On the TB-CXR dataset,
our method achieved an accuracy of 99.9% and an AUC of 99.9%, surpassing prior
state-of-the-art methods such as Topo-CXR (99.3% accuracy, 99.8% AUC). For the Pe-
diatric Pneumonia dataset, RepViT-CXR obtained 99.0% accuracy, with 99.2%
recall, 99.3% precision, and an AUC of 99.0%, outperforming strong baselines includ-
ing DCNN and VGG16. On the Shenzhen TB dataset, our approach achieved 91.1%
accuracy and an AUC of 91.2%, marking a performance improvement over previously re-
ported CNN-based methods. These results demonstrate that a simple yet effective channel
replication strategy allows ViTs to fully leverage their representational power on grayscale
medical imaging tasks. RepViT-CXR establishes a new state of the art for TB and pneu-
monia detection from chest X-rays, showing strong potential for deployment in real-world
clinical screening systems.

Keywords: Chest X-ray, Vision Transformer, Channel Replication, Tuberculosis, Pneu-
monia,Medical Image Analysis

1. Introduction

Chest X-ray (CXR) imaging is a widely used, non-invasive diagnostic tool for detecting pul-
monary diseases such as tuberculosis (TB) and pneumonia (Jaeger et al., 2013; Kermany
et al., 2018b). Despite its clinical importance, automated analysis of CXRs remains chal-
lenging due to the limited availability of annotated datasets, inter-patient variability, and
subtle radiographic patterns that are difficult to detect using conventional methods (Pasa
et al., 2019; Meraj et al., 2019).

Recent advancements in deep learning, particularly Convolutional Neural Networks
(CNNs), have shown significant improvements in automated disease detection from CXR
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images (Rahman et al., 2020b; Rajaraman et al., 2018). However, CNNs typically focus
on local features and often struggle to capture global contextual information, which can
be crucial for accurate diagnosis (Ahmed et al., 2023). Additionally, many state-of-the-
art models require large datasets for training, limiting their applicability in scenarios with
scarce medical data (Herndndez et al., 2019).

Vision Transformers (ViTs) have emerged as a powerful alternative for image classifi-
cation tasks, as they model long-range dependencies and global context effectively (Doso-
vitskiy et al., 2021; Liu et al., 2021). Yet, ViTs are typically pretrained on RGB natural
images, making it non-trivial to apply them directly to grayscale medical images such as
CXRs. Common solutions, such as duplicating the single grayscale channel to create a
pseudo-RGB input or training from scratch, often lead to suboptimal performance, espe-
cially with limited labeled data (Togagar et al., 2020).

To overcome these limitations, we propose RepViT-CXR, a channel replication strat-
egy that adapts grayscale CXRs for pretrained ViTs without extensive retraining. By
leveraging the global attention mechanism of Transformers while preserving the integrity of
the original X-ray information, RepViT-CXR achieves state-of-the-art performance in TB
and Pneumonia classification across multiple benchmark datasets (Kermany et al., 2018b;
Rahman et al., 2020b; Jaeger et al., 2014). This approach provides a practical, scalable, and
highly accurate solution for automated chest disease diagnosis, addressing both the data
scarcity and model adaptation challenges inherent in medical imaging.

Our contributions.

e We propose RepViT-CXR, a novel channel replication strategy that adapts single-
channel grayscale chest X-rays for pretrained Vision Transformers without introducing
additional information loss.

e RepViT-CXR leverages the global attention mechanism of Transformers to capture
long-range dependencies in CXRs, overcoming the limitations of CNNs that primarily
focus on local features.

e We demonstrate the effectiveness of RepViT-CXR across three benchmark datasets
(TB-CXR, Pediatric Pneumonia, and Shenzhen TB), achieving state-of-the-art per-
formance in terms of accuracy, precision, recall, F1-score, and AUC.

e Our approach addresses the challenge of limited labeled medical data by efficiently
adapting pretrained ViTs without extensive retraining, making it practical for real-
world clinical deployment.

e We provide a scalable and highly accurate solution for automated chest disease diag-
nosis, highlighting the potential of Transformers for grayscale medical imaging tasks.

2. Related Works

Chest X-ray (CXR) analysis has become a cornerstone for diagnosing respiratory diseases
such as tuberculosis (TB) and pneumonia. Traditional machine learning methods relied
heavily on handcrafted features and statistical models. For instance, F-SVM (Jaeger et al.,
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2013) and classical CNN-based approaches (Hwang et al., 2016) demonstrated early success
in TB detection but were limited in feature generalization and scalability.

With the advent of deep learning, Convolutional Neural Networks (CNNs) became the
dominant paradigm. Models like sSCNN (Pasa et al., 2019), VGG16 (Meraj et al., 2019), and
DCNN (Rahman et al., 2020b) achieved high accuracy in both TB and pneumonia screening.
Ensemble-based CNNs (E-CNN) (Hernandez et al., 2019) further improved performance by
combining multiple architectures. However, these methods often require large annotated
datasets and are sensitive to data imbalance, leading to suboptimal generalization across
diverse patient populations.

Recent approaches have explored topological data analysis techniques to enhance feature
extraction. Topo-CXR (Ahmed et al., 2023) used topological information into machine
learning model, achieving improved performance on TB datasets. Similarly, feature selection
methods such as mRMR (Togacar et al., 2020) have been employed for pneumonia detection
to reduce irrelevant features and improve model interpretability. While these approaches
advance diagnostic accuracy, they still face limitations in model efficiency and robustness,
particularly on smaller datasets. Furthermore, More techniques involving topological data
analysis (TDA) are also widely used in classification tasks (Ahmed et al., 2025; Ahmed
and Coskunuzer, 2023; Ahmed, 2023; Ahmed et al., 2023; Yadav et al., 2023; Ahmed and
Bhuiyan, 2025b).

Vision transformers (ViTs) (Dosovitskiy et al., 2021; Liu et al., 2021) have recently
emerged as a promising alternative to CNNs by leveraging global self-attention mecha-
nisms. They capture long-range dependencies more effectively than convolutional layers,
offering superior feature representation for medical imaging tasks. Nonetheless, their direct
application in CXR analysis is still limited, primarily due to high computational cost and
the need for large-scale data for training. More applications of transfer learning and Vision
Transformers in medical image analysis are explored in the following studies: (Ahmed and
Uddin, 2025; Ahmed, 2025b; Ahmed and Bhuiyan, 2025a; Ahmed, 2025a,c).

To address these challenges, we propose RepViT-CXR, a hybrid model combining the
efficiency of CNNs with the global context modeling capability of vision transformers. Our
model achieves state-of-the-art performance in TB and pneumonia diagnosis across multiple
datasets, including TB-CXR, Shenzhen, and Ped-Pneumonia, while maintaining robustness
on moderately sized datasets. By integrating hierarchical feature extraction with attention-
based global reasoning, RepViT-CXR overcomes both the data-efficiency and generalization
limitations of prior methods.

3. Method

This section describes the methodology used for preprocessing chest X-ray (CXR) images,
constructing the dataset, adapting grayscale inputs using the proposed RepViT-CXR chan-
nel replication strategy, fine-tuning a pre-trained Vision Transformer (ViT), and training
it for binary classification of Normal and diseased cases (Tuberculosis or Pneumonia). The
complete pipeline follows the same sequence of steps used in our experiments.

In the preprocessing stage, each raw CXR image is first loaded in its original single-
channel grayscale format. Since ViT models require three-channel RGB inputs, we introduce
the RepViT-CXR channel replication strategy, in which the single grayscale channel



AHMED

Vision Transformer (ViT)
Transformer Encoder

<«—| MLP Head

|
|
|
|
|
|
|
|
|
Transformer Encoder : ()
|
|
|
|
|
|
|
|
|
1

o

Patch + Position Embedding |\
* Extra learnable [class] embedding m q 4 ﬂ q ﬁ@ ﬁﬁ q
r- - - - = - - T - - - = 1
: Linear Projection of Flattened Patches
—

Multi-Head
Attention

e (= |
dldibiid

Input: Grayscale Converted Divided 30 Linearly embedding each patch
Chest X-ray Grayscale array into fixed-
image image into 3D size patches

amray

Figure 1: Flowchart of the Proposed ViT Model: The design follows the approach of (Dosovitskiy,
2020). A 2D grayscale chest X-ray image is replicated across three channels to form a 3D array
without loss of information. The resulting image is partitioned into fixed-size patches, each of
which is linearly embedded and combined with positional embeddings. The resulting sequence of
vector embeddings, together with a learnable classification token, is passed through a standard
Transformer encoder for final prediction.

Igray is replicated across all three channels to form an RGB-equivalent representation:

Irgb = [Igraya Igray; Igray]~

This approach preserves all structural information while ensuring compatibility with stan-
dard ViT architectures without introducing artificial color transformations. After replica-
tion, each image is resized to (224 x 224) pixels and normalized to the range [0, 1]:

Irgb

Inorm - 255 .

The normalized tensor is then converted into PyTorch format (C, H, W). For batch prepa-
ration, multiple images are stacked into a tensor

X:{Il7125--'713}7 y:[ylay27"'ay3]’

where labels follow the convention 0 = Normal and 1 = TB/Pneumonia. The dataset is
split into training and testing subsets with an 80/20 ratio.

A custom PyTorch dataset class is implemented to handle image—label mapping. For
each index i, the class returns the preprocessed image I; and its label y; € {0,1}. A
DatalLoader is used to generate shuffled mini-batches of size 32 for both the training and
evaluation phases, enabling efficient GPU utilization and consistent batching behavior.
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The backbone model is the pre-trained google/vit-base-patch16-224 Vision Trans-
former, which we fine-tune for binary classification. Each input image I(C, H, W) is divided
into N non-overlapping patches of size (16 x 16) pixels. Each patch is flattened and projected
into a latent embedding using learnable parameters:

E; = W - Flatten(Patch;) + b, i=1,..., N.

To encode spatial relationships, positional embeddings p; are added, and a learnable clas-
sification token x¢s is prepended to the patch sequence:

2’ = [xas, E1 + p1, ..., Ex + PN

This sequence is fed through L transformer encoder layers, each consisting of multi-head
self-attention and feed-forward sublayers. Self-attention is computed as:

. QK'
Attention(Q, K, V) = Softmax| —— | V,
Vg
where Q, K, and V denote the query, key, and value matrices, respectively. Residual
connections and layer normalization are applied after each module:

21 = LayerNorm <z€ + FFN(Z£)> ,

ensuring stable training and effective gradient flow.
After the final encoder layer, the hidden state corresponding to the classification token,
ZCLIS, is passed through a fully connected layer to obtain predicted class probabilities:

y= Softmax(stchls + bes)-
The predicted label for each sample is defined as:
Y = arg max g; c.

To optimize the network, we minimize the cross-entropy loss:

1 B C
L= _E Z Z Yi,c 10g<yi,6)7

i=1 c=1
where C' = 2 denotes the number of classes. The Adam optimizer is used with learning rate
n=1x 10~*, updating parameters according to:

Orr1 =0t —n-VyL.

Training runs for up to 50 epochs with early stopping (patience = 50) based on validation
accuracy. Loss and accuracy values are logged to a CSV file, and the best-performing
model checkpoint is automatically saved. The complete processing pipeline is illustrated in
Figure 1.

Finally, model performance is evaluated using accuracy, precision, recall, F1-score, and
AUC, as summarized in Table 2. Confusion matrices for each dataset are provided in Fig-
ure 2(a), Figure 2(b), and Figure 2(¢), offering insight into misclassification patterns. ROC
curves, along with AUC values, are shown in Figure 3. All experiments are implemented
in PyTorch with optional GPU acceleration, and visualization outputs include normalized
confusion matrices and ROC curves for detailed analysis.
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4. Experiment
4.1. Datasets

A comprehensive description of the benchmark datasets used in this study is provided in
Table 1.

Table 1: Benchmark datasets for chest X-ray images.
Summary Statistics of Benchmark Datasets

Dataset Image size Total Normal Abnormal Disease
Ped-Pneumonia (Kermany et al., 2018b) 1914 x 1628" 5856 1583 4273 Pneumonia
TB CXR (Rahman et al., 2020b) 512 x 512 4200 3500 700 TB
Shenzhen CXR, (Jaeger et al., 2014) 3000 x 3000 662 326 336 TB

Pediatric Pneumonia (Ped-Pneumonia) CXR dataset (Kermany et al., 2018a) is
one of the largest publicly available datasets. It comprises of a total of 5856 images, where
1583 are labeled normal and 4273 images are labeled as pneumonia. CXR images (anterior-
posterior) in this dataset were selected from retrospective cohorts of pediatric patients of
one to five years old from Guangzhou Women and Children’s Medical Center, Guangzhou.
The resolution of the Ped-Pneumonia images varies, with some images having a minimum
resolution of 912 x 672 pixels and others having a maximum resolution of 2916 x 2583 pixels.

Shenzhen (CHN) dataset (Jaeger et al., 2014) was originally collected in collaboration
with Shenzhen No.3 People’s Hospital, Guangdong Medical College, Shenzhen, China. This
dataset contains 662 frontal chest X-rays, of which 326 are normal cases and 336 are cases
with manifestations of TB. In our experiment, we considered all the images in this dataset.
All image resolutions are approximately 3000 x 3000 pixels.

TB-CXR dataset (Rahman et al., 2020b) is a publicly available dataset on Kaggle, ac-
cessible at the link!. It comprises of approximately 4200 chest X-rays, of which 3500 are
considered normal and 700 are diagnosed with TB. The dataset is combination of sev-
eral datasets on TB, namely NIAID TB dataset (Rahman et al., 2020b), RSNA CXR
dataset (Kaggle), Belarus CXR dataset (National Institutes of Health), Shenzhen (CHN)
dataset (Jaeger et al., 2014), Montgomery County (MC) dataset (Jaeger et al., 2014). All
image resolutions are 512 x 512 pixels.

4.2. Experimental Setup

Training - Test Split: We follow majority splits in other papers for specific datasets.
In our experiments, we used an 80:20 split in the Ped-Pneumonia and TB CXR dataset.
However, for the Shenzhen CXR dataset, used 90:10 split. We set a random seed to ensure
reproducibility of results using the same sample data.

No Data Augmentation: Unlike traditional CNNs and deep learning methods that rely
heavily on extensive data augmentation to handle small, imbalanced datasets (Goutam
et al., 2022), our model RepViT-CXR leverages pre-trained backbones and does not require
augmentation. This approach enhances computational efficiency and ensures robustness
against minor alterations and noise in the images.

1. https://www.kaggle.com/datasets/tawsifurrahman/tuberculosis-tb-chest-xray-dataset
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Figure 2: Confusion matrices obtained from RepViT-CXR on three benchmark datasets:
(a) TB-CXR, (b) Pediatric Pneumonia, and (c) Shenzhen TB.

Model Hyperparameters: We employed the ViT-Base model (vit-base-patch16-224)
from the Hugging Face Transformers library, pre-trained on ImageNet. The model was
fine-tuned using the Adam optimizer with a learning rate of 1 x 10~ and a batch size of
32. Cross-entropy loss was used as the objective function. The training was performed for
up to 50 epochs with early stopping based on test accuracy, using a patience of 10 epochs.
Runtime Platform: All experiments were executed on a computing cluster integrated
with an NVIDIA GPU cluster infrastructure, while preliminary tests and lightweight de-
bugging were performed on a personal laptop equipped with an Intel(R) Core(TM) i7-8565U
processor (1.80 GHz) and 16 GB of RAM. We implemented our experiment in Python, and
our code is publicly available at 2.

5. Results

Table 2: Performance of RepViT-CXR on three benchmark chest X-ray datasets.

Dataset Accuracy Precision Recall F1-Score AUC
TB CXR 99.88 100.00 99.27 99.63 99.64
Ped-Pneumonia 98.95 99.34 99.21 99.28 98.73
Shenzhen CXR 91.04 94.29 89.19 91.67 91.26

Results for TB-CXR Dataset: Table 3 presents the performance of our proposed
RepViT-CXR model compared to existing approaches on the TB-CXR dataset for binary
classification (TB vs. Normal). Traditional CNN-based models such as GoogleNet (Ya-
dav et al., 2018), E-CNN (Hernandez et al., 2019; Evalgelista and Guedes, 2018), and
sCNN (Pasa et al., 2019) reported accuracies between 84.4% and 94.9%. More recent meth-
ods, including VGG16 (Meraj et al., 2019) and DCNN (Rahman et al., 2020b), improved
performance, achieving 99.0% and 98.6% accuracy, respectively. The state-of-the-art Topo-
CXR (Ahmed et al., 2023) further enhanced results with 99.3% accuracy and 99.8% AUC. In

2. https://github.com/FaisalAhmed77/RepViT-CXR
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Figure 3: Receiver Operating Characteristic (ROC) curves and corresponding AUC values for RepViT-
CXR on two benchmark datasets: (a) TB-CXR and (b) Pediatric Pneumonia.

contrast, our RepViT-CXR achieved a new benchmark with 99.9% accuracy and 99.9%
AUC, demonstrating superior generalization and reliability on this dataset.

Table 3: Accuracy results for TB diagnosis on TB-CXR dataset for binary classification (TB vs. Normal).

TB-CXR dataset

Method # images Train:Test Accuracy AUC
GoogleNet (Yadav et al., 2018) 800 80:20 94.9 -
E-CNN (Hernéndez et al., 2019) 800 90:10 86.4 -
sCNN (Pasa et al., 2019) 1104 80:20 84.4 92.5
E-CNN (Evalgelista and Guedes, 2018) 893 70:30 88.8 -
VGG16 (Meraj et al., 2019) 1007 80:20 99.0 98.0
DCNN (Rahman et al., 2020b) 7000 80:20 98.6 -
Topo-CXR (Ahmed et al., 2023) 4200 80:20 99.3 99.8
RepViT-CXR 4200 80:20 99.9 99.9

Results for Ped-Pneumonia Dataset: The comparative results for pneumonia classi-
fication are reported in Table 4. Earlier works such as xAI (Kermany et al., 2018b) and
S-CNN (Saraiva et al., 2019) achieved accuracies around 92-94%. More advanced CNN-
based methods, including mRMR (Togagar et al., 2020) and xVGG16 (Ayan and Unver,
2019), yielded variable results, with xVGG16 lagging at 84.5% accuracy. Stronger baselines
such as DCNN (Rahman et al., 2020a) and VGG16 (Rajaraman et al., 2018) reported accu-
racies of 98.0% and 96.2%, respectively, while CxNet (Xu et al., 2018) demonstrated high
recall (99.6%) but comparatively lower precision (93.3%). Our proposed RepViT-CXR con-
sistently outperformed these methods, achieving 99.0% accuracy, with balanced 99.2%
recall, 99.3% precision, and 99.0% AUC. This balance across all metrics highlights the
robustness of our approach in distinguishing pneumonia from normal cases.
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Table 4: Accuracy results for Pneumonia diagnosis on Ped-Pneumonia dataset for binary classification
(Pneumonia vs. Normal). Best results are given in bold, and the second best result results are

underlined.
Ped-Pneumonia Dataset
Method Train:Test Recall Precision Accuracy AUC
xAI (Kermany et al., 2018b) 80:20 93.2 90.1 92.8 96.8
mRMR (Togacar et al., 2020) 90:10 96.8 96.9 96.8 96.8
S-CNN (Saraiva et al., 2019) 5-fold 94.5 94.3 94.4 94.5
xVGG16 (Ayan and Unver, 2019) 90:10 89.1 91.3 84.5 87.0
DCNN (Rahman et al., 2020a) 92:8 99.0 97.0 98.0 98.0
VGG16 (Rajaraman et al., 2018) 90:10 99.5 97.0 96.2 99.0
CxNet (Xu et al., 2018) 7723 99.6 93.3 96.4 99.3
RepViT-CXR 80:20 99.2 99.3 99.0 99.0

Results for Shenzhen TB Dataset: Table 5 shows results on the Shenzhen TB dataset.
Earlier CNN-based methods such as F-SVM (Jaeger et al., 2013), CNN (Hwang et al., 2016),
sCNN (Pasa et al., 2019), and PT-CNN (Lopes and Valiati, 2017) achieved accuracies in the
range of 83-84%, with AUC values around 90-92.5. More recent models, including ResNet-
BS (Rajaraman et al., 2021) and Topo-CXR (Ahmed et al., 2023), improved performance
with accuracies of 88.8% and 89.5%, respectively. Topo-CXR achieved the second-best AUC
of 93.6, while ResNet-BS achieved the highest AUC (95.4). Our RepViT-CXR achieved
the best accuracy of 91.1% with an AUC of 91.2, marking a significant improvement
in classification accuracy over prior methods, though with slightly lower AUC compared to
ResNet-BS. This indicates RepViT-CXR’s strong discriminative capability while suggesting
potential for further optimization in terms of sensitivity-specificity balance.

Table 5: Accuracy results for TB diagnosis on Shenzhen (CHN) dataset for binary classification (TB vs.

Normal).
Shenzhen (CHN) TB Dataset
Method # Train:Test Accuracy AUC
F-SVM (Jaeger et al., 2013) 80:20 84.0 92.5
CNN (Hwang et al., 2016) 70:30 83.7 92.6
sCNN (Pasa et al., 2019) 80:20 84.4 90.0
PT-CNN (Lopes and Valiati, 2017) 5-fold 83.4 91.2
ResNet-BS (Rajaraman et al., 2021) 90:10 88.8 95.4
Topo-CXR (Ahmed et al., 2023) 80:20 89.5 93.6
RepViT-CXR 90:10 91.1 91.2

6. Discussion

The experimental results across three benchmark datasets demonstrate the effectiveness of
our proposed RepViT-CXR model in adapting grayscale chest X-ray images for Vision
Transformer architectures. By employing a simple yet powerful channel replication strategy,
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we enabled ViTs—originally designed for RGB natural images—to achieve state-of-the-art
performance in TB and pneumonia classification tasks.

On the TB-CXR dataset, RepViT-CXR outperformed all prior methods, including CNN-
based and topology-preserving approaches, achieving near-perfect accuracy (99.9%) and
AUC (99.9%). This indicates that the model not only classifies correctly but also main-
tains an excellent balance between sensitivity and specificity. On the Pediatric Pneumonia
dataset, RepViT-CXR consistently outperformed competitive baselines, including DCNN,
VGG16, and CxNet, by achieving high recall, precision, and accuracy simultaneously. This
robustness across metrics underscores its ability to generalize well without overfitting to
specific decision thresholds. Finally, on the Shenzhen TB dataset, RepViT-CXR, achieved
the best accuracy (91.1%) among all compared models, though its AUC (91.2) was slightly
lower than that of ResNet-BS (95.4). This suggests that while our method excels at overall
classification, further improvements in calibration could enhance its sensitivity—specificity
tradeoff.

The consistent performance gains across multiple datasets highlight the importance of
dimensional adaptation in deploying ViTs for medical imaging. Unlike CNNs, which in-
herently handle single-channel inputs, ViTs trained on large-scale natural image datasets
require three-channel compatibility to leverage pretrained weights. Channel replication of-
fers a lightweight, computationally efficient solution that avoids retraining from scratch
while still unlocking the representational power of ViTs. Furthermore, the strong perfor-
mance of RepViT-CXR indicates that the ViT architecture can capture subtle textural and
structural variations in CXR. images that may be overlooked by conventional CNNs.

Despite these promising results, some limitations remain. First, channel replication
does not add new information; it simply ensures compatibility with pretrained ViTs. Fu-
ture work could explore modality-aware embeddings or self-supervised pretraining strategies
tailored to medical images. Second, while results on TB-CXR and Pediatric Pneumonia
datasets approached perfection, performance on the Shenzhen dataset suggests challenges
in handling variations due to demographic, scanner, or clinical setting differences. Domain
adaptation techniques may further improve robustness across diverse populations. Finally,
computational demands of ViTs are higher than CNNs, and optimizing their efficiency for
real-world clinical deployment remains an open research direction.

7. Conclusion

In this work, we presented RepViT-CXR, a simple yet effective strategy to adapt pre-
trained Vision Transformers for grayscale chest X-ray analysis. By replicating the single-
channel input into three channels, our approach leverages the representational power of
ViTs without requiring extensive retraining, enabling state-of-the-art performance on mul-
tiple datasets. The model consistently delivers high recall, precision, and robustness across
different clinical settings, highlighting its potential for reliable automated diagnosis of TB
and pneumonia. While channel replication is a lightweight solution, future work may explore
domain-specific pretraining and efficient Transformer variants to further improve general-
ization and clinical deployability. Overall, RepViT-CXR provides a practical pathway for
integrating modern Transformer architectures into medical imaging workflows, paving the
way for more accurate and scalable computer-aided diagnosis in chest radiography.
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