
Journal of Computer Science and Cybernetics, V41, Nx (2025), 1–

DOI: 10.15625/1813-9663/23278

FSGCN: FEATURE-CONNECTED GRAPH NEURAL NETWORK
FOR FINE-GRAINED SILICOSIS CLASSIFICATION

NGUYEN THI TAN TIEN1, BUI QUOC BAO2, PHAM VAN CUONG3, TRAN TIEN CONG3,

LE MINH DUY3, NGUYEN VAN TAO4

1Thai Nguyen University of Medicine and Pharmacy, 284 Luong Ngoc Quyen Street,
Phan Dinh Phung Ward, Thai Nguyen Province, Viet Nam

2Hanoi University of Science and Technology, No.1 Dai Co Viet, Bach Mai Ward,
Ha Noi, Viet Nam

3Posts and Telecommunications Institute of Technology, 96A Tran Phu,
Ha Dong Ward, Ha Noi, Viet Nam

4Thai Nguyen University of Information and Communication Technology, Z115 Road,
Quyet Thang Ward, Thai Nguyen Province, Viet Nam

Abstract. Fine-grained classification of pulmonary diseases remains a challenging task due to subtle

inter-class variations and overlapping visual patterns in Chest X-ray imaging. In this work, we propose

FSGCN (Fine-grained silicosis graph-based classification network), a novel hybrid architecture that

combines convolutional representation learning with relational reasoning via a graph transformer

network (GTN). Specifically, image features extracted from a deep encoder are treated as nodes

in a fully connected graph, where edge relationships are dynamically learned to capture semantic

correlations among instances within a batch. This graph-based interaction enables the model to

better distinguish silicosis from other visually similar pulmonary conditions, such as viral and bacterial

pneumonia. We evaluate the proposed approach on SVBCX, a curated multiclass chest X-ray dataset

collected and annotated by our research team, comprising four categories: Normal, Silicosis, Viral, and

Bacterial. The experimental results demonstrate the superiority of our method over existing baselines.

On average, FSGCN achieves an absolute improvement of +1.51% in accuracy and +1.85% in F1-score

compared to state-of-the-art baseline models. In addition, qualitative visualizations further confirm

the effectiveness of the proposed model in enhancing class discriminability. These results highlight the

importance of modeling inter-instance relationships for fine-grained disease classification in medical

imaging.

Keywords. Silicosis diagnosis, fine-grained image classification, graph neural networks, chest X-ray

analysis.

1. INTRODUCTION

Occupational diseases result directly from prolonged exposure to hazardous work en-
vironments, significantly impacting workers’ health and quality of life. According to the
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Vietnam General Confederation of Labor, by the end of 2023, approximately 33.000 occu-
pational disease cases had been recorded nationwide, with about 7.000 new cases diagnosed
annually and 500 cases assessed for social insurance benefits each year [1]. Among the 35 oc-
cupational diseases covered by insurance, silicosis has a notably high incidence and severely
affects the respiratory system [2]. The disease progresses silently without clear symptoms
initially. Still, it gradually leads to irreversible pulmonary fibrosis, chronic respiratory fail-
ure, reduced working capacity, decreased life expectancy, and even death if not promptly
diagnosed and treated [3].

Currently, chest radiography remains the primary method for diagnosing and screening
silicosis. However, this technique has several limitations, such as low sensitivity in early
detection, possible oversight of small lesions, and considerable dependence on the expertise of
physicians [4]. Additionally, radiographic signs of silicosis can easily be confused with other
respiratory conditions such as tuberculosis, pneumonia, or chronic obstructive pulmonary
disease, complicating diagnosis and treatment [5].

In recent years, artificial intelligence (AI), particularly deep learning, has emerged as a
promising tool for automated medical imaging analysis. Several deep learning frameworks,
such as CheXNet [6], DarkNet [7], and VinDr [8], have demonstrated performance compara-
ble to radiologists in detecting thoracic diseases. Specific to silicosis, Priego-Torres et al. [8]
proposed a deep learning–based system for automated staging, while Yi et al. [9] evaluated
radiologists’ and AI systems’ ability to diagnose silicosis from HRCT scans. These stud-
ies confirm the potential of AI in this domain but also highlight persistent challenges: (i)
the difficulty in differentiating silicosis from visually similar lung conditions (e.g., bacterial
or viral pneumonia), (ii) the scarcity of large, high-quality annotated datasets for occupa-
tional silicosis, and (iii) limited generalization ability when models are trained on small or
heterogeneous data.

Emerging research directions, such as graph neural networks (GNNs), have shown signifi-
cant promise in capturing structured relational features from medical images [10–13]. GNNs
can effectively exploit inter-sample dependencies and subtle local patterns, which are crucial
for fine-grained disease classification but often overlooked by standard convolutional models.
However, there is still a lack of dedicated research focusing on the application of GNNs for
occupational silicosis diagnosis, especially in the context of developing countries like Viet
Nam, where data imbalance and annotation scarcity remain pressing issues.

To address these challenges, this paper proposes FSGCN (fine-grained silicosis graph-
based classification network), a novel framework that integrates convolutional feature extrac-
tion with graph-based relational reasoning to improve silicosis detection from chest X-rays.

In summary, the main contributions of this work are as follows:

• We introduce FSGCN, a novel hybrid architecture that integrates deep convolutional
encoding with graph-based relational reasoning for fine-grained classification of thoracic
diseases, particularly targeting silicosis detection.

• We design a graph-based network that dynamically learns semantic relationships among
instances within each batch, enabling the model to leverage inter-sample context to
enhance class discriminability.

• We conduct extensive experiments demonstrating that FSGCN outperforms standard
convolutional baselines in both accuracy and F1-score, and provide qualitative visual-
izations validating the model’s ability to localize and differentiate subtle pathological
patterns.



FEATURE-CONNECTED GNN FOR FINE-GRAINED SILICOSIS CLASSIFICATION 3

The remainder of this paper is organized as follows: Section 2 reviews related work on clin-
ical methods, machine learning, deep learning, and GNNs for medical imaging. Section 3
introduces the proposed FSGCN framework in detail. Section 4 presents the dataset, exper-
imental setup, and evaluation results, followed by qualitative analysis. Section 5 concludes
the paper and discusses future research directions.

2. RELATED WORK

2.1. Clinical diagnostic methods for occupational silicosis

Currently, the diagnosis of occupational silicosis mainly relies on occupational exposure
history and standard chest X-ray imaging. According to the guidelines of the Ministry of
Health, workers must have sufficient exposure to silica dust (typically one year or more)
accompanied by characteristic signs of lung damage visible on chest X-rays, such as small
opacities primarily distributed in the middle and lower regions of both lungs [14]. Clinical
symptoms such as shortness of breath, cough, and chest pain often appear late; thus, the
disease is typically discovered incidentally during routine health checks [15].

Chest X-ray, while widely accessible and simple, has limitations in sensitivity, particularly
for small or early-stage lesions. Silicosis lesions can be mistaken for other diseases like
tuberculosis, pneumonia, sarcoidosis, or metastatic lung cancer [14]. Computed tomography
(CT), particularly high-resolution CT (HRCT), offers greater sensitivity than X-ray, aiding
in the early detection of lesions and clearer differentiation from other pulmonary conditions.
However, its higher cost and increased radiation exposure limit its use to necessary cases
only.

2.2. Traditional machine learning methods

Before the emergence of deep learning models, traditional machine learning methods were
widely applied in medical image analysis. Techniques such as decision trees, random forest,
and multi-layer perceptron (MLP) typically rely on handcrafted feature extraction, including
intensity, texture, and statistical features. For instance, Chandra et al. [16] used an MLP
model, achieving 95.39% accuracy in pneumonia diagnosis. Kuo et al. [17] applied decision
tree methods with 94.5% accuracy in classifying pneumonia among schizophrenic patients.
However, these methods are limited when handling large datasets or addressing imbalanced
data [18].

Beyond imaging, some studies have explored non-image-based predictive modeling. For
example, Sanchez-Morillo et al. used machine learning algorithms (LASSO, SVM and Ran-
dom Forest) to integrate routine blood biomarkers for silicosis diagnosis, offering a promising
non-invasive diagnostic supplement [19].

Overall, while traditional ML methods provided early progress in computer-aided diag-
nosis, their reliance on handcrafted features limited robustness and generalizability. This
is particularly problematic for occupational silicosis, where radiographic findings are often
subtle, overlapping with other lung diseases, and where datasets are typically small and im-
balanced. These shortcomings motivated the shift toward deep learning approaches, which
can automatically learn higher-level representations from raw imaging data.
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2.3. Deep learning methods

Deep learning, particularly convolutional neural networks (CNN), has significantly ad-
vanced medical image analysis due to its ability to extract features from raw data automati-
cally. Studies like CheXNet, utilizing a 121-layer CNN, have achieved diagnostic performance
comparable to expert radiologists [7]. The Darknet model was also successfully applied for
COVID-19 diagnosis from chest X-ray images [20]. Transfer learning techniques have fre-
quently been employed to improve training performance on small or imbalanced datasets,
showing promising and stable outcomes [10, 21]. For silicosis, Sharma et al. applied CNNs
on 706 chest X-rays and achieved 81% accuracy, while Priego-Torres et al. extended this
approach to classify silicosis stages, employing a balanced loss to mitigate class imbalance.
These works confirmed the feasibility of CNNs for silicosis screening under limited data con-
ditions. Despite these encouraging advances, CNN-based methods may still have certain
limitations. They often require large annotated datasets, may struggle to capture long-range
spatial dependencies, and can overlook potential inter-sample relationships. These consid-
erations suggest that exploring more advanced approaches, such as graph neural networks
(GNNs), could provide a complementary way to model relational information and potentially
improve silicosis diagnosis.

2.4. Application of graph neural networks in medical imaging

Graph neural networks (GNNs) have recently emerged as powerful tools in medical imag-
ing, offering the ability to model non-Euclidean structures and capture spatial as well as
relational dependencies beyond the capability of traditional convolutional neural networks
(CNNs). Their flexibility has enabled advances in tasks such as image denoising, lesion seg-
mentation, brain tumor classification, and patient prognosis across diverse imaging modali-
ties, including MRI, CT, ultrasound, and histopathology [22–24].

Compared to CNNs, GNN-based approaches demonstrate advantages in handling ir-
regular spatial patterns, modeling inter-regional dependencies, and integrating multimodal
information. For instance, GNNs have shown competitive or superior performance in ultra-
sound lesion segmentation and oncology risk stratification, often with fewer parameters and
improved interpretability [25, 26].

Several architectural innovations underpin these successes. Graph convolutional net-
works (GCNs) are widely employed for brain tumor detection and multimodal feature fusion
[27], while graph attention networks (GATs) enhance segmentation and classification through
adaptive neighbor weighting [28]. Dual-branch and multimodal GNNs, which combine CNNs
for local features with GNNs for global context, further enhance diagnostic accuracy [29].
Additionally, hierarchical GNNs enable multi-scale analysis, a critical feature for histopathol-
ogy tisue [30].

Despite rapid progress, challenges remain regarding interpretability, data scarcity, and
robust graph construction. Ongoing research is addressing these gaps through adaptive graph
learning, scalable hierarchical models, and benchmarking frameworks, aiming to improve the
clinical applicability and trustworthiness of GNNs in medical imaging [31, 32].
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3. THE FSGCN FRAMEWORK: A GRAPH-ENHANCED MODEL FOR
SILICOSIS CLASSIFICATION

3.1. Fine-grained silicosis classification problem

Figure 1: Overall architecture of the proposed fine-grained silicosis graph-based classification
network (FSGCN). A batch of chest X-ray images is first processed by a CNN backbone to
extract latent embeddings. These embeddings are then represented as nodes in a complete
graph, where edges encode pairwise relationships between samples. The constructed graph
is passed through a graph neural network (GNN) module to capture inter-instance depen-
dencies. The refined GNN embeddings are subsequently fed into fully connected layers and
an output layer for classification, optimized using cross-entropy loss.

Fine-grained image classification refers to the task of distinguishing among subordi-
nate categories that share a common high-level semantic class but differ by subtle, localized
visual cues. Let X ⊂ R3×H×W denote the input image space, where each sample x ∈ X
corresponds to a Chest X-ray image of dimension H ×W with three channels. The corre-
sponding label space is defined as Y ⊂ {0, 1}C , where each label y ∈ Y is a one-hot vector
representing one of the C fine-grained classes under a common meta-category.

Given a training set
T = {(xi, yi)}Ni=1 ⊂ X × Y, (1)

sampled from an unknown joint distribution P(x, y), the learning objective is to estimate
a classification function fθ : X → Y parameterized by θ, such that the empirical risk is
minimized

L(θ) = 1

N

N∑
i=1

ℓ(fθ(xi), yi), (2)

where ℓ(·, ·) is a suitable classification loss function (e.g., cross-entropy loss).
Silicosis-related pulmonary disease classification. In the specific context of this

work, we define the label space as

Y = {y(1), y(2), y(3), y(4)} (3)

= (Normal,Silicosis,Viral,Bacterial). (4)

The discriminative features required to differentiate between classes particularly between
Silicosis and other pathologies are often highly localized and of low inter-class variance, i.e.,

∥ϕ(xi)− ϕ(xj)∥2 ≈ 0, for some i ̸= j with yi ̸= yj , (5)
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Here, ϕ : X → Rd denotes the latent feature extractor. This high degree of visual similarity
imposes a significant challenge for conventional CNN-based classifiers, which typically rely
on global feature pooling and may fail to capture fine-grained local variations.

To address this challenge, we propose a graph-based classification framework in which a
set of discriminative feature nodes is constructed and explicitly connected based on spatial
and semantic affinity. The model learns to propagate and aggregate information over the
constructed graph structure, allowing for enhanced representation learning that is sensitive
to subtle visual distinctions.

3.2. The FSGCN network architecture

Algorithm 1: Forward Pass of FSGCN

Input: Mini-batch of training samples {(xi,yi)}bi=1

Output: Final image-level representations {vi}bi=1

1 Step 1: DNN encoder
2 for i = 1 to b do
3 ci ← DNNEncoder(xi); // Extract image embedding

4 end
5 Step 2: Construct fully connected graph

6 V ← {ci}bi=1; // Node features from DNN encoder

7 E ← {eij}bi,j=1; // Learnable edge weights

8 G = (V, E ,F = V); // Graph construction

9 Step 3: GTN graph encoding for i = 1 to b do
10 ĉi ←

∑
j∈N (i) αi,j (Wvcj +Weeij); // Graph attention aggregation

11 ri ←Wrci ; // Residual connection

12 βi ← σ (Wg [ĉi; ri; ĉi − ri]); // Gated fusion weight

13 c′i ← βi · ri + (1− βi) · ĉi; // Final node embedding

14 end
15 Step 4: Output projection for i = 1 to b do
16 vi ← BatchNorm(Linear(c′i)); // Normalized output representation

17 end

18 return {vi}bi=1

The forward propagation procedure of the proposed FSGCN (fine-grained silicosis graph-
based classification network), detailed in Algorithm 1, encompasses a hybrid architecture
integrating deep convolutional feature extraction with graph-based representation learning.
This architecture in Figure 1 is specifically designed to capture fine-grained, relational fea-
tures among instances in a mini-batch of Chest X-ray images.

The process begins with the DNN encoder module, wherein each input image xi from a
training batch of size b is independently processed through a convolutional backbone (e.g.,
ResNet or DenseNet) to yield a corresponding latent feature vector ci ∈ Rd. These vectors
serve as node features for the subsequent graph-based reasoning component.

Next, a fully connected graph G = (V, E) is instantiated, where each node vi ∈ V rep-
resents an image feature ci, and edges eij encode pairwise relationships between image in-
stances. Notably, the edge features are initialized as learnable parameters and dynamically
updated during training, allowing the model to adaptively infer context-sensitive affinities
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between instances.

The GTN (graph transformer network) encoder then performs a relational aggregation
step for each node. Specifically, for a given node i, the model aggregates information from
all other nodes j ∈ N (i) via an attention-weighted message passing mechanism. The mes-
sage from node j to node i incorporates both the neighbor’s feature cj and the associated
edge embedding eij , transformed respectively by Wv and We. Attention weights αi,j are
computed using scaled dot-product attention between the query vector of node i and a joint
key vector composed of node j’s features and the edge embedding. This enables the model
to selectively emphasize the most relevant nodes and edge connections in the graph.

To preserve semantic integrity and mitigate the risk of over-smoothing (a common issue
in deep graph networks), the aggregated representation ĉi is combined with the original node
embedding ci through a gated residual fusion mechanism. A gating coefficient βi ∈ (0, 1),
computed via a sigmoid function over concatenated inputs, adaptively balances the influence
of new messages and original features. The fused representation c′i thus retains essential
local discriminative information while integrating global relational context.

Finally, the updated node embedding c′i is projected through a fully connected layer
followed by Batch Normalization to produce the final output vector vi. These representations
{vi}bi=1 can then be used for downstream classification via a softmax output layer or further
regularization techniques, depending on the learning objective.

This graph-based architecture enables the model to jointly reason over intra-batch feature
interactions, thus enhancing its ability to detect subtle inter-class variations, crucial for
accurate fine-grained classification of silicosis and other pulmonary conditions that share
overlapping imaging characteristics.

3.3. Loss function

To optimize the FSGCN model for the fine-grained silicosis classification task, we adopt
the standard categorical cross-entropy loss, which is widely used in multi-class classification
settings. Given a predicted probability vector ŷi and the corresponding one-hot ground truth
label yi for each training sample, the loss function is computed as

LCE = −1

b

b∑
i=1

C∑
c=1

y
(c)
i log ŷ

(c)
i , (6)

where b is the batch size and C is the total number of fine-grained categories. This loss
encourages the model to assign high probability to the correct class and penalizes incorrect
predictions accordingly. The entire FSGCN architecture is trained in an end-to-end manner
using this objective.

4. EXPERIMENTAL RESULTS

4.1. The SVBCX dataset

In this study, we utilize the SVBCX dataset, a curated and ethically approved collection of
chest X-ray (CXR) images designed to support research on pulmonary disease classification,
with a specific focus on silicosis. The dataset includes both healthy and pathological cases and
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Table 1: Comparison of classification accuracy and F1-score among baseline models and
their FSGCN-enhanced counterparts.

Method
Inference

time
# params Acc (%) F1-score

MobilenetV3-S 0.013 1.6M 90.12 80.25
MobilenetV3-S + FSGCN (ours) 0.016 17.4M 92.01(+1.89) 82.23(+1.98)

Densenet201 0.28 18.3M 91.55 81.2
Densenet201 + FSGCN (ours) 0.29 73.7M 93.72(+2.17) 84.48(+3.28)

ResNet-50 0.51 22.5M 93.75 83.27
ResNet-50 + FSGCN (ours) 0.52 91.7M 95.29(+1.54) 85.35(+2.08)

SwinT-Big 0.82 87.0M 96.11 85.96
SwinT-Big + FSGCN (ours) 0.84 102.8M 97.06(+0.95) 87.9(+1.94)

ConvNeXtLarge 1.22 197.9M 96.71 86.74
ConvNeXtLarge + FSGCN (ours) 1.23 231.8M 97.79(+1.08) 87.81(+1.07)

TransFG 0.85 86.3M 93.96 85.14
TransFG + FSGCN (ours) 0.86 95.2M 94.82(+0.86) 85.66(+0.52)

P2P-Net 0.46 63.4M 91.95 84.46
P2P-Net + FSGCN (ours) 0.48 110.6M 94.03(+2.08) 86.57(+2.11)

Avg. Improvement +1.51 +1.85

is structured to enable fine-grained classification among four categories: Normal, Silicosis,
Bacterial, and Viral.

Specifically, the dataset comprises 535 cases diagnosed with silicosis, 2772 cases of bacte-
rial pneumonia, 1493 cases of viral pneumonia, and 1554 normal cases, amounting to a total
of 6,354 chest X-ray images. The silicosis subset includes X-rays of workers exposed to silica
dust, evaluated in accordance with the International labour organization (ILO) standards.
All data collection procedures adhered strictly to research ethics and patient data confi-
dentiality guidelines. The study was approved by the Ethics Committees of Hanoi Medical
University and Thai Nguyen University of Medicine and Pharmacy. Participation was en-
tirely voluntary, and all participants were informed of the study objectives and their rights,
including the right to withdraw at any point.

The dataset was compiled from two primary sources:

• Domestic data source: The domestic dataset was obtained from the national research
project KC.10.33/16-20, which collected chest X-ray images of workers exposed to
silica dust across five provinces in Vietnam: Thai Nguyen, Hai Duong (North), Binh
Dinh, Phu Yen (Central), and Dong Nai (South). All X-rays were assessed by certified
radiologists and occupational health professionals.

• International data source: In addition to domestic data, we incorporated publicly
available chest X-ray images from the well-known open-access dataset introduced by
Kermany et al. and hosted on Mendeley Data [33]: To ensure sufficient representation
of viral and bacterial pneumonia cases, additional CXR images were sourced from a
well-established open-access dataset annotated by medical professionals. These images
were used in both training and testing phases, and the dataset remains accessible via
Mendeley Data [33].

The SVBCX dataset thus provides a comprehensive and diverse foundation for evaluating
fine-grained classification methods in pulmonary imaging, with particular relevance to occu-
pational lung diseases.



FEATURE-CONNECTED GNN FOR FINE-GRAINED SILICOSIS CLASSIFICATION 9

4.2. Experimental setup

Training configuration. All experiments were conducted on a workstation equipped
with an NVIDIA RTX 3090 GPU (24GB VRAM), an Intel Core i9 CPU, and 128 GB RAM,
running Ubuntu 20.04 with PyTorch 1.13 and CUDA 11.6. The input images were resized to
224× 224, and data augmentation techniques such as random horizontal flipping, cropping,
and brightness adjustment were applied during training to enhance model generalization.

We used the Adam optimizer with a starting learning rate of 1e-4, decayed by a factor of
0.1 every 10 epochs. The batch size was set to 32, and training was performed for 50 epochs.
For classification, we used the cross-entropy loss function. All models were trained using the
same settings to ensure fair comparison.

Baseline models. To validate the effectiveness and generalizability of our proposed
fine-grained silicosis graph-based classification Network (FSGCN), we benchmark it against
a diverse set of representative baseline architectures, spanning from lightweight CNNs to
advanced transformer-based and fine-grained visual recognition models:

• CNN-based models: MobileNetV3-Small [34], DenseNet201 [35], and ResNet-50 [36].

• Transformer-based and hybrid models: Swin Transformer [37], ConvNeXt-Large [38],
TransFG [39], and P2P-Net [40].

Performance is reported using both accuracy and F1-score, which jointly capture the model’s
predictive quality, particularly under class imbalance.

4.3. Comparison with baseline models

Table 1 presents a comprehensive comparison between our proposed FSGCN-enhanced
framework and several representative baseline models across multiple backbone architec-
tures. We evaluate each model based on accuracy, F1-score, inference time, and number of
parameters.

Across all backbones from lightweight CNNs like MobileNetV3-S to large-scale transformer-
based models such as ConvNeXtLarge and SwinT-Big, the integration of FSGCN consistently
improves performance. On average, the inclusion of FSGCN leads to a +1.51% increase in
accuracy and a +1.85 improvement in F1-score, highlighting its effectiveness in boosting
both classification precision and recall, particularly for fine-grained silicosis categories.

Specifically, on the lightweight MobileNetV3-S, FSGCN improves accuracy from 90.12%
to 92.01% and F1-score from 80.25 to 82.23, with only a modest increase in inference time
(from 0.013s to 0.016s). This demonstrates that the proposed approach maintains efficiency
while significantly enhancing feature discrimination, even in resource-constrained settings.

Among heavier backbones, Densenet201+FSGCN achieves a notable +2.17% accuracy
and +3.28 F1-score gain compared to its original counterpart. Similarly, ResNet-50 sees
a +2.08 improvement in F1-score, which confirms that FSGCN complements existing deep
architectures by exploiting feature-wise relationships beyond what convolutional layers can
capture.

Transformer-based baselines such as SwinT-Big and ConvNeXtLarge already achieve
strong performance; however, FSGCN still brings additional gains, e.g., SwinT-Big’s F1-score
increases from 85.96 to 87.9, while ConvNeXtLarge reaches the highest accuracy (97.79%)
and F1-score (87.81) overall. Importantly, the added inference time remains negligible.
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Table 2: Comparison of FSGCN model performance under sequential and shuffled data
sampling during evaluation (the reported results represent classification accuracy, measured
in %).

Method
Stanford Dogs

Sequential Shuffle

MobilenetV3-S + FSGCN 92.01 92.17± 0.21

Densenet201 + FSGCN 93.72 93.20± 0.15

ResNet-50 + FSGCN 95.29 95.27± 0.08

SwinT-Big + FSGCN 97.06 96.97± 0.13

ConvNeXtLarge + FSGCN 97.79 97.27± 0.10

TransFG + FSGCN 94.82 94.97± 0.16

P2P-Net + FSGCN 94.03 93.52± 0.12

Finally, both TransFG and P2P-Net, which are designed specifically for fine-grained
visual tasks, also benefit from our method. P2P-Net+FSGCN shows a remarkable +2.08%
accuracy and +2.11 F1-score gain, underscoring the adaptability and broad applicability of
FSGCN across both general and fine-grained classification architectures.

These results collectively affirm that the FSGCN module serves as a powerful, plug-and-
play enhancement, yielding consistent performance improvements while maintaining scala-
bility across a variety of model sizes and families.

4.4. The impact of batch configurations

Shuffling the validation dataset during evaluation. Unlike conventional deep learn-
ing models, the proposed FSGCN architecture leverages a fully connected graph structure
to refine image representations based on inter-sample relationships within a batch. This
design makes the model potentially sensitive to the intra-batch sample diversity, especially
during evaluation when graph edges are constructed without label supervision. Therefore, it
is essential to examine the stability of the model under different batch sampling strategies.

To this end, we compare the performance of several FSGCN-based models on the vali-
dation set under two batch construction scenarios:

• Sequential sampling, where data is grouped by class labels (i.e., samples from the same
class are batched together), resulting in low variation within batches;

• Shuffled sampling, where data is randomly sampled across all classes, forming high
intra-batch variation, a more realistic evaluation setting.

Table 2 presents the comparative results for models including MobileNetV3-S, DenseNet201,
ResNet-50, SwinT-Big, ConvNeXtLarge, TransFG, and P2P-Net, all equipped with the FS-
GCN module. We observe that:

• The performance differences between the two sampling modes are generally small,
with variations mostly within ±0.5%, indicating that FSGCN is robust against batch
shuffling.

• For certain models, such as MobileNetV3-S and TransFG, the shuffled setting even
leads to slightly better results, likely due to the richer inter-class relational cues within
each batch.

• Some high-capacity models, such as ConvNeXtLarge and P2P-Net, experience marginal
performance drops (e.g., -0.52 and -0.51 in accuracy, respectively), which may be at-
tributed to overfitting to structured patterns in sequential batches.
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Table 3: Performance comparison for GPHs using various batch sizes (the reported results
represent classification accuracy, measured in %).

1 4 8 16 32 48 64 120

MobilenetV3-S + FSGCN 87.54 89.57 91.22 91.54 92.01 92.11 92.32 92.61

Densenet201 + FSGCN 92.19 92.35 92.54 92.67 92.72 92.94 92.86 -

TransFG + FSGCN 92.33 93.05 93.44 94.20 94.82 94.96 - -

P2P-Net + FSGCN 92.25 93.47 93.68 93.76 94.03 94.09 - -

Overall, these results demonstrate that while FSGCN’s performance can be influenced
by intra-batch diversity, it remains remarkably stable across different batch configurations.
This suggests that our method is suitable for real-world applications where evaluation data
is typically presented in a shuffled manner.

Batch size. In our framework, the model constructs a graph using both the inference
image and a batch of support images, enabling it to capture pairwise feature relationships
for fine-grained classification. This design inherently depends on batch-level relational infor-
mation, motivating an analysis of how batch size impacts model performance.

As shown in Table 3, we observe a consistent trend across all four backbones: the accuracy
improves significantly when increasing the batch size from 1 to 4 and 8. For instance, with
MobileNetV3-S + FSGCN, accuracy rises sharply from 87.54% (batch = 1) to 91.22% (batch
= 8), while TransFG + FSGCN improves from 92.33% to 93.44% over the same range. This
early-stage improvement indicates that a relatively small number of contextual samples is
sufficient to enrich the graph-based reasoning module.

Beyond batch size 8, the performance increases more gradually, suggesting that the model
becomes more stable when the relational context is sufficiently represented. In many cases,
the accuracy plateaus after batch size 32. This observation suggests that using a batch size
of 32 is a reliable choice that balances both performance and computational efficiency.

It is also worth noting that MobileNetV3-S, due to its lightweight architecture, allows
experiments to be run with very large batch sizes (up to 120) without memory constraints.
However, for larger models like DenseNet201, TransFG, and P2P-Net, we were unable to
test with the largest batch sizes due to GPU memory limitations, hence the missing values
at the end of those rows in Table 3.

These results demonstrate the importance of batch-wise relational modeling in our archi-
tecture and highlight the practical considerations when selecting batch size for deployment.
To further complement Table 3, Figure 2 provides a visual comparison of model performance
across different batch sizes. The chart clearly illustrates the sharp initial improvements, the
gradual stabilization beyond batch size 8, and the performance plateau after batch size 32,
offering an intuitive understanding of the observed trends.

4.5. Qualitative analysis

Feature distribution via t-SNE. To further explore the discriminative capacity of
the learned representations, we visualize the high-dimensional image features extracted by
the final FSGCN layer using t-SNE, a non-linear dimensionality reduction technique. As
illustrated in Figure 3, the samples belonging to four categories form well-separated clusters
in the 2D projection space, with only slight overlap between Silicosis and Bacterial cases, an
expected ambiguity given their clinical similarity in chest X-rays.
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Figure 2: Accuracy (%) comparison of different FSGCN-based models across varying
batch sizes. The chart illustrates the performance trends of MobileNetV3-S, DenseNet201,
TransFG, and P2P-Net when integrated with the proposed FSGCN framework.

Figure 3: t-SNE visualization of the learned feature representations extracted from the final
layer of the FSGCN model.

The compactness of intra-class clusters and the clear inter-class boundaries, especially
for the Normal and Viral categories, indicate that FSGCN learns highly discriminative and
structured feature representations. This structured embedding space is crucial for fine-
grained classification tasks where subtle visual cues distinguish between categories.

Overall, the t-SNE plot provides strong qualitative evidence that the relational model-
ing in FSGCN enhances the network’s ability to organize feature spaces in a semantically
meaningful way, facilitating more reliable and interpretable decision-making.

Attention visualization via grad-CAM. To qualitatively assess the discriminative
capability and interpretability of the proposed FSGCN model, we present Grad-CAM visu-
alizations of representative test samples across four categories: Silicosis, Viral pneumonia,
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Figure 4: Visual comparison of Grad-CAM heatmaps between the proposed MobileNetV3-S
+ FSGCN model (middle row) and baseline MobileNetV3-S (bottom row) across four classes:
Silicosis, Viral, Bacterial, and Normal (top row: original chest X-ray images).

Bacterial pneumonia, and Normal, as illustrated in 4. The visual comparison is made be-
tween the FSGCN-enhanced MobileNetV3-S (middle row) and the baseline MobileNetV3-S
(bottom row), with the corresponding original chest X-ray images shown on the top row.

For the three disease classes (Silicosis, Viral, and Bacterial), we observe that FSGCN
consistently produces more concentrated and semantically meaningful activation regions,
often aligning with clinically relevant pathological areas such as localized opacities, intersti-
tial patterns, or consolidation zones. These focused heatmaps suggest that the graph-based
reasoning module in FSGCN helps the model to attend to subtle and spatially distributed
features, a hallmark of fine-grained pulmonary conditions, more effectively than the stan-
dard DNN baseline. In contrast, the baseline model tends to generate more scattered or
diffuse activations, sometimes highlighting irrelevant regions, which could lead to reduced
diagnostic precision or increased inter-class confusion.

For the Normal class, the FSGCN model yields minimal and spatially neutral activations,
reflecting high model confidence and lower false-positive sensitivity. Meanwhile, the baseline
model occasionally exhibits unnecessary activations, indicating uncertainty or overfitting to
noise.

These qualitative results substantiate the effectiveness of FSGCN in learning richer, more
interpretable features by integrating inter-sample relationships, ultimately enhancing its fine-
grained classification performance in thoracic disease diagnosis.
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5. CONCLUSION

This paper introduces FSGCN, a hybrid deep learning framework that integrates con-
volutional encoding with graph-based relational reasoning for fine-grained classification of
pulmonary diseases. Evaluated on the curated SVBCX dataset, FSGCN demonstrates im-
proved accuracy and F1-score over baseline models, particularly in distinguishing silicosis
from other similar conditions.

While the results are promising, one limitation lies in the class imbalance within the
dataset, which may affect the model’s sensitivity to minority classes. Moreover, the current
framework does not incorporate clinical metadata, such as patient history or exposure du-
ration, which could provide valuable complementary information. Future work will focus
on addressing data imbalance, integrating multi-modal clinical inputs, and evaluating the
model on larger, more diverse datasets to improve robustness and generalizability.
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