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Abstract

Accurate JIC (Japanese Investigation Committee) classification of osteonecrosis of the
femoral head (ONFH) is critical for collapse risk prediction and hip-preserving treatment.
However, clinical classification faces challenges: indistinct lesion boundaries, limited anno-
tated medical data, and the black-box inference issue of purely data-driven deep learning
models. To address these, a Prior Knowledge-Guided CNN-Swin Transformer Hybrid
Network (PGCT-Net) is proposed for high-accuracy classification with interpretable de-
cision support. A cascaded dual-branch structure is adopted: the CNN branch extracts
fine-grained local features from MRI images, while the Swin Transformer branch captures
multi-scale global semantics and long-range dependencies between necrotic lesions and the
acetabular weight-bearing region. A lesion mask-guided learning module injects expert-
annotated clinical prior knowledge to focus the model on pathological regions and suppress
background interference. Grad-CAM is used to visualize attention distribution for better
interpretability. The network is trained end-to-end with a composite loss function combin-
ing cross-entropy loss and L1 sparse regularization. On the JLU-ONFH dataset, PGCT-Net
achieves 94.38% accuracy, 94.15% F1-score and 93.97% AUC, significantly outperforming
mainstream models. Cross-task validation on the BT dataset verifies the architecture’s
generalizability. This work provides an effective, interpretable scheme for ONFH JIC
classification, with promising clinical auxiliary diagnosis potential.

Keywords: ONFH; MRI; deep learning; image classification; Swin Transformer; interpretability;
prior knowledge

1. Introduction

In recent years, artificial intelligence technologies centered on deep learning have
achieved breakthrough advancements in the field of medical image-assisted diagnosis.
They have become core tools for improving the efficiency of disease diagnosis and reducing
subjective diagnostic errors, and are widely applied in the full-range clinical scenarios of
multimodal images, including CT, MRI and ultrasound, such as lesion detection, classifica-
tion and grading, as well as prognosis evaluation [1]. In the field of diagnosis and treatment
for musculoskeletal diseases, deep learning-based image analysis techniques can extract
subtle pathological features that are difficult to recognize by the naked eye. They provide
objective and quantitative auxiliary decision-making support for early disease diagnosis,
precise classification and individualized treatment, and have emerged as a research hotspot
in the interdisciplinary field of orthopedic clinical practice and medical imaging.

Appl. Sci. 2026, 16, 4708

https:/ /doi.org/10.3390/app16104708


https://crossmark.crossref.org/dialog?doi=10.3390/app16104708&domain=pdf&date_stamp=2026-05-09
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0007-3186-1857
https://doi.org/10.3390/app16104708

Appl. Sci. 2026, 16, 4708

2 of 28

Osteonecrosis of the Femoral Head (ONFH) is a progressive and disabling muscu-
loskeletal disease triggered by the interruption or damage of the blood supply to the
femoral head, which causes necrosis of osteocytes and bone marrow components, and
further leads to structural degeneration of the femoral head [2]. The global incidence of this
disease keeps rising, and it mainly occurs in young and middle-aged adults aged 20 to 50,
with clinical features of high concealment, rapid progression and high disability rate [3,4].
Without accurate diagnosis and intervention in the early stage, more than 80% of patients
will develop femoral head collapse within 1 to 4 years and eventually have to undergo total
hip arthroplasty to restore joint function. For young and middle-aged patients, premature
replacement will result in multiple difficult revision surgeries, imposing a heavy burden on
patients’ families and the social medical system. Therefore, realizing precise classification
and diagnosis of ONFH in the golden window before femoral head collapse is of core
clinical significance for predicting collapse risk, formulating individualized hip-preserving
plans and improving the long-term prognosis of patients [5].

MRI can clearly depict key pathological signs, including bone marrow edema, the
boundary of necrotic lesions and reactive sclerotic bands, which serve as the imaging
gold standard for the early diagnosis and condition evaluation of ONFH [6,7]. In clinical
practice, the evaluation of ONFH mainly includes two core dimensions: staging and
classification. Staging systems represented by the ARCO system are primarily applied
to assess the disease progression and femoral head collapse [8,9]. In contrast, the JIC
classification system proposed by the Japanese Orthopaedic Association (JOA) focuses on
the spatial location, the extent of the involvement of necrotic lesions, and their relative
positional relationship with the acetabular weight-bearing area. The correlation between
JIC classification outcomes, the risk of femoral head collapse, and the prognosis of hip-
preserving treatment has been widely validated in multicenter clinical studies, making the
JIC system a core basis for formulating clinical hip-preserving treatment strategies [10].
The JIC classification divides ONFH into four subtypes: A, B, C1 and C2. Among them,
patients with type C2 have a femoral head collapse rate as high as 84.8%, representing the
key population for early clinical intervention. There are significant differences in treatment
regimens and prognoses among different subtypes, and accurate JIC classification is a
prerequisite for successful hip-preserving treatment [11].

However, the current clinical JIC classification of ONFH still presents two major core
challenges. First, classification diagnosis relies heavily on clinicians” experience, leading to
significant intra-observer and inter-observer variability in judging lesion boundaries and
the scope of the weight-bearing area. Multicenter studies have shown that the classification
consistency among physicians from hospitals of different tiers is only 65-78%, which is
prone to misjudgment [12]. Second, the imaging features of early ONFH lesions are subtle,
and the differences between subtypes are only reflected in millimeter-level positional
variations in lesion boundaries. The rate of missed diagnosis and misdiagnosis by junior
physicians in primary hospitals exceeds 30% [13].

To address these issues, scholars worldwide have conducted extensive deep learning-
based studies on ONFH imaging diagnosis. Convolutional Neural Networks (CNNs)
serve as the mainstream technical solution, which can automatically extract fine-grained
features such as lesion texture and boundaries, presenting satisfactory performance in
ONFH lesion detection and staging classification [14]. However, the inherent limitation
of the local receptive field in CNNSs restricts them from effectively capturing the relative
spatial relationship between lesions and the acetabular weight-bearing area. CNNs also lack
the capability to extract fine-grained features of early tiny lesions, are prone to overfitting
on small-sample medical datasets, and thus have constrained generalization ability [15].
Vision Transformer architectures represented by Swin Transformer can effectively model
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the global spatial distribution and long-range dependencies of lesions via the global self-
attention mechanism, exhibiting superior performance to traditional CNNs in identifying
advanced ONFH lesions [16]. Nevertheless, they are weaker than CNNSs in capturing local
fine-grained features, with low sensitivity to early inconspicuous lesions. Furthermore,
they tend to learn irrelevant background pseudo-features on small-sample datasets, leading
to poor training stability and limited generalization and robustness [17].

To compensate for the inherent drawbacks of single architectures, existing studies
have begun to explore the application of CNN-Transformer hybrid architectures in medical
image classification. By integrating the strong local feature representation capability of
CNNs and the global semantic modeling ability of Transformers, breakthroughs in diag-
nostic performance have been achieved in various medical image tasks [18,19], which also
provides a new perspective for optimizing ONFH imaging diagnosis models. However,
current hybrid architecture studies still suffer from critical limitations. Most adopt a pure
data-driven training paradigm, lacking pathological prior knowledge and diagnostic logi-
cal constraints that align with clinical diagnostic criteria. This not only makes it difficult
to conduct stable and efficient feature learning in small-sample scenarios but also results
in insufficient interpretability and reliability of the model, rendering it unable to directly
provide credible auxiliary support for clinical hip-preserving decision-making [20].

To address the aforementioned clinical challenges and limitations of existing studies,
a Prior Knowledge-Guided CNN-Swin Transformer Hybrid Network (PGCT-Net) is pro-
posed for the accurate JIC classification of osteonecrosis of the femoral head (ONFH) using
MRI images. First, a cascaded fusion architecture integrating CNN and Swin Transformer
is constructed. Fine-grained local features such as lesion edges and textures are extracted
by the CNN module, while global semantic features including necrotic lesion scope are
modeled by the Swin Transformer module, achieving deep complementary fusion of local
and global features. Second, a clinical lesion mask-guided learning mechanism is intro-
duced, in which expert-annotated clinical prior knowledge of lesions is deeply embedded
into the full pipeline of model feature learning. This mechanism enables the model to
focus on the core regions of necrotic lesions and suppress invalid feature learning from
irrelevant background areas, thereby enhancing the feature representation capability and
classification performance of the model. Finally, attention distribution on lesion regions is
visualized via Grad-CAM mapping, which significantly improves the interpretability and
reliability of model decision-making. Extensive experiments, including ablation studies,
comparative experiments, feature visualization and interpretability analysis, are conducted
on the publicly available JLU-ONFH MRI dataset and a public brain tumor dataset. The
classification performance, cross-dataset robustness on medical images and clinical inter-
pretability of PGCT-Net are systematically validated. This work aims to provide a reliable
and interpretable artificial intelligence-aided diagnostic tool for the accurate classification
and individualized hip-preserving treatment of ONFH.

The core contributions of this study are summarized as follows:

(1) A PGCT-Net hybrid architecture with cascaded fusion of CNN and Swin Trans-
former is proposed, which realizes the deep complementary fusion of local and global fea-
tures. It solves the core problem that single architectures can hardly simultaneously achieve
the recognition of early subtle lesions and the modeling of spatial relationships among le-
sion regions and significantly improves the diagnostic accuracy of ONFH JIC classification.

(2) A clinical lesion mask-guided learning mechanism is designed to embed expert-
annotated clinical prior knowledge into the entire feature learning process. The model is
guided to focus on the core diagnostic regions of necrotic lesions and suppress redundant
feature extraction from background regions, leading to improved classification accuracy.
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(3) Grad-CAM visualization is utilized to conduct heatmap-based feature attribution
analysis for the model, which enhances the transparency of the model’s decision-making
process. Comprehensive performance validation is also carried out on multiple datasets.
This method can intuitively reveal the key lesion regions attended by the model, effectively
improving the practical applicability of the proposed approach in clinical scenarios.

2. Related Work
2.1. Research on Intelligent Medical Image Diagnosis of ONFH

Deep learning-based imaging analysis technology has emerged as the mainstream
research direction in the intelligent diagnosis of ONFH. Most existing studies focus on
lesion detection and staging diagnosis of ONFH. For instance, relevant studies constructed
ONFH lesion segmentation models based on Convolutional Neural Networks (CNNs) to
achieve the automatic extraction of necrotic regions [21]; other studies realized automatic
classification of ONFH ARCO staging based on the ResNet architecture, yielding promising
diagnostic performance [22].

Existing studies on the typed diagnosis of ONFH remain relatively scarce and face
obvious performance bottlenecks. In clinical practice, the JIC classification is directly
correlated with the risk of femoral head collapse and hip-preserving treatment plans. Its
core diagnostic focus lies in determining the relative positional relationship between the
lesion and the weight-bearing area of the acetabulum, which imposes extremely high
requirements on the model’s ability of global spatial modeling and fine-grained feature
extraction. Existing CNN-based methods are limited by local receptive fields, making it
difficult to effectively model the long-range spatial dependencies between the lesion and
the weight-bearing area, and thus insufficiently distinguishing between subtypes such as
C1/C2 that only have millimeter-level positional differences. Although Transformer-based
methods have the advantage of global modeling, they are prone to feature drift on small-
sample ONFH datasets, resulting in low sensitivity in identifying early occult lesions. In
addition, most existing deep learning models adopt a pure data-driven mode, which suffers
from the obvious problem of black-box decision-making. The decision-making process
lacks interpretability, making it difficult to ensure the reliability and credibility required for
clinical application [23].

2.2. Medical Image Classification Methods Based on CNN and Transformer

Convolutional Neural Networks (CNN) serve as a classic architecture in the field of
medical image classification. By virtue of local weight sharing and sliding window mecha-
nisms, they present prominent advantages in fine-grained local feature extraction. Since
AlexNet [24] was proposed, classic CNN architectures including VGG [25], ResNet [26] and
MobileNet [27] have been widely employed in medical image classification tasks. To tackle
the overfitting problem in small-sample scenarios of medical images, Ferdous et al. [28] com-
bined depthwise separable convolution with the CBAM attention mechanism to efficiently
extract and refine spatial and channel features, which effectively mitigated overfitting on
small-sample datasets. Li et al. [29] adopted a parameterized Gaussian distribution-driven
data cleaning strategy to improve data quality and optimized non-pretrained architectures
to adapt to resource-constrained environments, elevating the classification accuracy of
the model. Nevertheless, the inherent inductive bias and local receptive field limitation
of CNNs make it hard for them to effectively model long-range dependencies in images
and fail to precisely capture the relative spatial positional relationship between ONFH
lesions and the acetabular weight-bearing area. This is the core cause of their restricted
performance in JIC classification tasks.
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The emergence of Vision Transformer (ViT) [30] provides a new technical path for
global feature modeling of medical images. Through the self-attention mechanism, it
can effectively capture long-range dependencies at arbitrary positions in images and is
significantly superior to traditional CNNs in global semantic modeling. Among them, Swin
Transformer [31] further optimizes the computational efficiency and multi-scale feature ex-
traction capability of ViT via a hierarchical window attention mechanism and a multi-scale
feature pyramid, and has been widely used in medical image classification, lesion detection
and other tasks. Chen et al. [32] proposed a benchmark-driven clinical decision frame-
work for multi-class diagnosis of middle ear diseases, verifying the superiority of Swin
Transformer in diagnostic accuracy and stability; Xu et al. [33] proposed an intelligent frac-
ture classification method based on Swin Transformer, realizing high-precision automatic
fracture typing and radiological evaluation. Nevertheless, the Transformer architecture
is weaker than CNNSs in capturing local fine-grained texture features, with insufficient
recognition sensitivity for early occult ONFH lesions. Meanwhile, the unconstrained self-
attention mechanism easily leads the model to learn background pseudo-features irrelevant
to diagnosis, resulting in poor training stability on small-sample ONFH datasets with
scarce annotated samples.

2.3. Application of CNN-Transformer Hybrid Architecture in Medical Imaging

To compensate for the inherent drawbacks of standalone CNN and Transformer archi-
tectures, the CNN-Transformer hybrid architecture has emerged as a research hotspot in
medical imaging. By integrating the fine-grained local feature representation capability of
CNNs and the global semantic modeling capability of Transformers, this architecture real-
izes deep complementary fusion of local and global features and has achieved performance
breakthroughs in a variety of medical image tasks.

Wang et al. [34] proposed MFF-ClassificationNet, a dual-branch parallel hybrid ar-
chitecture. It employs the CNN branch to capture local detailed texture features and the
Transformer branch to model global dependencies, which significantly strengthens the
model’s ability to extract multi-scale features and contextual information, thus improving
diagnostic accuracy. Qezelbash-Chamak et al. [35] presented a learnable hybrid fusion
architecture that optimizes image classification performance by adaptively integrating
the strengths of the two architectures. However, most existing research on hybrid ar-
chitectures follows a purely data-driven training paradigm, without pathological prior
knowledge and diagnostic logical constraints that conform to clinical diagnostic standards
during training. This not only hinders stable and efficient feature learning in small-sample
scenarios but also leads to an uninterpretable decision-making process of the model. Conse-
quently, it is difficult to gain the trust of clinicians and cannot be directly applied to clinical
auxiliary decision-making.

3. Materials and Methods
3.1. PGCT-Net

Aiming at the challenges in the imaging classification task of early-stage osteonecro-
sis of the ONFH, including tiny lesion regions, scarce clinical samples and insufficient
interpretability of traditional models, this paper proposes a Prior Knowledge-Guided CNN-
Swin Transformer Hybrid Network (PGCT-Net). The overall architecture of the model is
illustrated in Figure 1.
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Figure 1. The structure illustration of PGCT-Net.

Guided by the spatial prior constraints introduced by lesion mask learning as the core,
the model deeply embeds such constraints into the whole process of shallow local feature
extraction via CNN and deep global feature modeling via Swin Transformer. The spatial
prior constraints accurately guide CNN to concentrate on lesion regions and suppress the
interference from background noise, while empowering it to efficiently capture fine-grained
imaging representations including the edges and textures of tiny lesions. On this basis,
relying on the local features optimized by mask constraints, Swin Transformer further mines
the global contextual correlations and multi-scale semantic information of lesions, realizing
the deep coupling between local fine-grained features and global semantic features.

3.2. Prior Knowledge Embedding

Mask learning is a general technique that embeds trainable mask parameters into
deep learning models, aiming to achieve dynamic and adaptive regulation of the model’s
internal components. Its core idea is to automatically identify and strengthen task-critical
information flows through a learnable gating mechanism, while suppressing redundant or
noisy components, so as to improve the model’s performance, efficiency and interpretability.

In Transformer-based mask learning models, the mask is usually designed as a matrix
with the same shape as the corresponding trainable parameter. For the value weight matrix
WYV in the self-attention module, a learnable mask MV is introduced. The mask acts on
the original parameter via element-wise multiplication to generate the effective parameter
used in actual forward propagation:

Wy = Wy © My, )

where © denotes the element-wise multiplication. At the initial stage of training, the mask
is generally initialized as an all-one matrix to ensure the normal startup of the model. As
training iterations proceed, mask parameters and the backbone weights of the model are
jointly optimized end-to-end via gradient descent. Meanwhile, sparsity regularization
constraints drive the mask values corresponding to unannotated regions to gradually
approach zero, which softly masks background interference and achieves automatic and
precise screening of features associated with annotated regions.

Taking ONFH as an example, for the input raw hip joint MRI images, we constructed
a standardized manual annotation workflow to generate the binary lesion mask strictly
pixel-aligned with the original images, which serves as the core clinical prior knowledge
for model training. The specific annotation protocol is as follows:
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(1) Annotator configuration: The annotation work was completed by two attending ra-
diologists with 8 years and 10 years of clinical experience in musculoskeletal MRI diagnosis
respectively, and a chief orthopedic surgeon with 15 years of clinical experience in ONFH
diagnosis and treatment provided professional guidance on lesion boundary definition.

(2) Annotation standard: The annotation scope strictly follows the JIC classification
diagnostic criteria, including the necrotic core area, reactive sclerotic band, cystic degenera-
tion area, and bone marrow edema area related to ONFH lesion classification.

(3) Quality control and consistency assessment: A double-blind independent annota-
tion strategy was adopted. The two radiologists completed the annotation of all images
independently, and the inter-rater agreement was evaluated using Cohen’s kappa coeffi-
cient. The overall kappa coefficient of the annotation results was 0.917, indicating excellent
inter-rater consistency. For the lesion regions with annotation discrepancies, the chief
orthopedic surgeon and the two radiologists conducted a joint review to reach a final
consensus annotation result.

(4) Mask post-processing: The consensus annotation results were generated into
binary mask images, where the lesion region was assigned a value of 1 and the non-lesion
background region was assigned a value of 0. Bilinear interpolation and patch-level pooling
were used to achieve spatial alignment between the mask and multi-scale features of the
model. The generation process is illustrated in Figure 2.

Original MRI Lesion Region Binary Lesion Mask Mask-Enhanced Image

Figure 2. Flowchart of mask generation.

Guided by clinical prior knowledge, the mask divides the image into lesion foreground
and irrelevant background. It serves as spatial prior knowledge that can be directly
embedded into model training and is only used during the training phase. In the mask
matrix, physician-annotated regions such as the necrotic core area, sclerotic zone, cystic
degeneration, and bone marrow edema are uniformly assigned a value of 1, representing
effective feature regions highly correlated with staging diagnosis. Non-target regions
including the acetabular margin, joint effusion, muscles, and fat are assigned a value of 0,
representing redundant background regions that are prone to interference.

To achieve spatial alignment between the mask and multi-scale features, the feature-
level mask is resized via bilinear interpolation for scale adaptation, and the token-level
mask is generated by average pooling within each patch, followed by binarization, ensuring
strict spatial consistency.

Such spatial constraints filter out redundant information, forcing the model to learn
key discriminative features only in the core lesion areas, thereby significantly improving
the specificity and accuracy of feature learning. During training, the prior mask acts as
supervised guidance to help the model solidify a lesion-focused attention mechanism.
After training is completed, the model can automatically identify and focus on lesion
regions directly from raw MRI images. No mask input, manual annotation, or additional
segmentation is required in clinical practice, which avoids extra clinical workload and
error propagation caused by automatic segmentation, ensuring high clinical feasibility and
diagnostic efficiency.
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3.3. CNN Shallow Local Feature Extraction Module

Convolutional Neural Networks (CNNs) demonstrate remarkable applicability in
medical image analysis, owing to their strong ability to capture local image features and
the advantages of hierarchical feature learning. Its model architecture is shown in Figure 3.

“
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0 00]
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Figure 3. The structure illustration of CNN.

Taking the mask-enhanced image as input, fine-grained extraction of shallow local
features in osteonecrosis of the femoral head regions is realized via multi-layer convolution
and pooling operations. Meanwhile, the whole process is guided by the spatial constraints
of the prior mask, ensuring that feature learning always concentrates on key lesion regions.

This module consists of 4 alternately stacked convolution-activation—pooling units.
Let X,,,;sx denote the mask-preprocessed input image, then its forward propagation process
at the I-th convolutional layer can be expressed as:

F=o0(K*F_1+b), 2)

where * denotes the convolution operation, K; and b; represent the convolution kernel
weights and bias term of the I-th layer respectively, o(-) is the ReLU nonlinear activation
function, and F;_; denotes the output feature of the previous layer.

To be consistent with the prior knowledge embedding mechanism, a feature-level
mask constraint is introduced after the output of each convolutional layer:

Flmasked _ Fl ® er (3)

where M, denotes the feature-level mask after size adaptation, and © represents element-
wise multiplication. This operation can enhance the feature response of lesion regions,
suppress redundant background information, and enable convolution kernels to focus
more on learning fine-grained representations such as textures, trabecular bone structures,
boundary contours and grayscale gradient variations in lesion areas.

The feature-level mask Mj([le)ﬂ ; atlayer [ is obtained by downsampling the physician
mask My, via bilinear interpolation to match the spatial size of F:

1 .
Mj([e)at = Resize (Mphy, (H;, Wl)> , (4)

where H;, W are the height and width of the [-th convolutional feature map. This ensures
strict spatial alignment between the mask and feature responses.
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The spatial size of the output feature map from the convolutional layer can be calcu-

lated by the following equation:
Win +2P — K
Wout = mf +1, (5)

where W;,, denotes the size of the input feature map, P represents the zero-padding width,
Kis the convolution kernel size, and S stands for the sliding stride.

Each convolutional unit is followed by a max-pooling layer for downsampling to
further compress feature dimensions and enhance feature robustness. The max-pooling
operation is defined as:

P(i,j) = max FEMaked(py p), (6)
(mn)€ER;;
where R;; denotes the receptive field region corresponding to the pooling window. The
pooling operation retains salient lesion features while reducing the number of parameters
and expanding the receptive field of subsequent convolutional layers.

After feature extraction, the module outputs a deep local feature map Fcyy with a size
of H x W x C. Specifically, the CNN module adopts 3 x 3 convolution kernels with same
padding, and the number of channels is set to 32, 64, 128, and 256 sequentially, resulting in
a final local feature map of 14 x 14 x 512 dimensions. This feature map not only retains
the fine structural information of early osteonecrosis of the femoral head lesions but also
suppresses redundant features and preserves critical features under mask constraints,
providing high-quality and highly targeted feature input for the global semantic modeling
of the subsequent Swin Transformer.

3.4. Swin Transformer Deep Multi-Scale Feature Encoding Module

Swin Transformer is a hierarchical Vision Transformer architecture designed to address
the problems of excessively high computational complexity and the lack of multi-scale
feature representation in traditional Vision Transformers (e.g., ViT) when processing high-
resolution images. Its model structure is shown in Figure 4.

LA S ——

———————

Swin

Patch Partition
Linear Embedding
Patch Merging

(a) Swin Transformer Architecture (b) Two Successive Swin Transformer Blocks

Figure 4. The structure illustration of Swin Transformer.

Taking over the feature map Fcny extracted by the shallow CNN and refined under
mask constraints, the module performs in-depth modeling of multi-scale global semantic
features in osteonecrosis of the femoral head regions based on the hierarchical window
attention mechanism. Meanwhile, it continues the prior knowledge embedding strat-
egy to ensure that global feature learning always concentrates on the core lesion areas,
compensating for the limitation of CNN that only captures local features.

First, Fcnn is processed through Patch Partition and Linear Embedding, and mapped
into the initial token sequence X, compatible with Transformer. The mapping process
can be expressed as:

Xioken = Linear(PatchPartition(Fenn) )- (7)
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To continue the prior knowledge constraint, a mask filtering operation is introduced
after token mapping to retain only the tokens corresponding to lesion regions and suppress
the feature response of invalid tokens in background regions. The filtering process is
given by:

Xpnasked — Xioken @ Mioken, 8)

token

where M., denotes the token-level mask generated from the feature-level mask M,
via patch partitioning, and © represents element-wise multiplication, ensuring that the
subsequent attention computation only focuses on lesion-related tokens.

The token-level mask M., is derived from the physician mask by patch-wise average
pooling followed by binarization:

. 1 . ;
Mtoken(lf]) = 1(?2z21 521 Mphy(l tu gt U) > 9)/ )

where p is the patch size, 6 = 0.5 is the binarization threshold. The attention mask
M is defined as an additive bias matrix that disables cross-token attention between
non-lesion tokens:

Subsequently, Xg)‘ﬁzlr‘led is input into 4 stages for hierarchical encoding, where each
stage consists of a Patch Merging layer and stacked Swin Transformer Blocks.

The core of the Swin Transformer Block lies in an alternating structure of Window
Multi-Head Self-Attention (W-MSA) and Shifted Window Multi-Head Self-Attention (SW-
MSA). Combined with the constraint of the attention mask Mg, it only establishes long-
range dependencies within the lesion-related token regions. The calculation formulas are
given as follows:

W — MSA(X) = Softmax (QKT + B) V ® Mattn, (10)
Vi

SW-MSA enables cross-window lesion feature interaction via window shifting, which
compensates for the limitation of W-MSA. The Patch Merging layer achieves downsampling
through concatenation of adjacent tokens and linear projection, constructing a multi-scale
feature pyramid. After encoding through four stages, the module outputs a deep multi-
scale feature map Fgy,;;, that fuses local and global features. The output feature sizes of each
stage are as follows:

H

HtZE/

Wi Cr=Cx2(t=1,2,3,4). (11)

=5

Specifically, the Swin Transformer is configured with a window size of 7, an embedding
dimension of 96, 3, 6, 12, 24 attention heads in the four stages, and stacked block numbers
of [2,2, 6, 2]. Such features encompass both the fine-grained structural details and global
semantic information of lesions, providing highly discriminative support for subsequent
classification decisions and achieving the deep integration of prior knowledge and global
feature modeling.

3.5. End-to-End Joint Optimization Strategy

The model adopts an end-to-end training paradigm, which integrates the mask prior
constraint, the feature extraction weights of CNN and Swin Transformer, as well as the
parameters of the classification head into a unified optimization framework. Based on the
joint loss function for mask learning, the total loss function is formulated as:

Liotal = Ltask + /\Rmaskr (12)
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where Ly, denotes the cross-entropy loss for multi-stage classification of osteonecrosis of
the femoral head, R,,;s; represents the L1 sparsity regularization term of the mask matrix.
A is the regularization hyperparameter, which is set to 0.005 in this study. Effective sparsity
constraints on the mask are achieved while high classification accuracy is maintained.

The training inputs consist of the raw MRI image X and the physician mask Mpy,,.
The forward pass process during the training phase is as follows:

(1) Resize My, to multi-scale feature-level masks M}le)a ;

(2) Compute masked CNN features: FlmaSkEd = Conv(F_1) ® M}le)at.
(3) Compute masked Swin tokens: X{gﬁzﬁed = Xioken © Mioken-

(4) Compute W-MSA using the additive attention mask M.
(5) Final classification loss combined with an L1 sparsity regularization term applied

and token-level mask Mgy

to the learnable mask M4,

All parameters of the model are jointly optimized through backpropagation and
gradient descent algorithms. While minimizing classification loss, the mask module is
continuously driven to strengthen feature activation in lesion regions and suppress invalid
information in background regions. This makes the feature learning logic of the model
highly consistent with the diagnostic logic of clinicians, further improving the classification
accuracy of the model.

4. Dataset Description

In this study, two public medical MRI datasets were employed to evaluate the model
performance, namely the Jilin University Osteonecrosis of the Femoral Head dataset (JLU-
ONFH) and the brain tumor (BT) dataset. All MRI examinations included in this study
were performed on 3.0 T clinical scanners with standardized imaging protocols, and the
detailed sequence parameters are described separately for each dataset below. All images
underwent conventional data preprocessing (including size normalization and grayscale
standardization) and were uniformly resized to an input resolution of 224 x 224 pixels.
Representative examples of the two datasets are illustrated in Figure 5.

Meningioma Glioma Pituitary

Figure 5. Examples of JLU-ONFH and BT datasets.

4.1. JLU-ONFH Dataset

The JLU-ONFH dataset (public download link: https:/ /github.com/sole12343 /JLU-
ONFH-Dataset (accessed on 13 April 2026)) is a public ONFH MRI dataset constructed
by the Department of Orthopedics and Radiology. The Second Bethune Hospital of Jilin
University, and has been widely used in peer-reviewed ONFH intelligent diagnosis stud-
ies [36]. This study adopts the classification subset of the official dataset, which is specially
organized for JIC classification tasks of ONFH. All images are T1-weighted spin-echo
MRI images converted from original DICOM files, with all patient privacy information
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completely desensitized and stored in PNG format. All MRI scans in this dataset were
performed on the same 3.0 T Siemens Magnetom Verio scanner with a unified standardized
imaging protocol to ensure full consistency of scanning settings across all examinations:
repetition time (TR) of 400-600 ms, echo time (TE) of 10-20 ms, slice thickness of 4 mm, in-
tersection gap of 1 mm, field of view (FOV) of 380 x 380 mm, and matrix size of 256 x 256.

The final dataset used in this study contains 1448 mid-slice MRI images from
327 independent pathologically confirmed ONFH patients, with each patient contributing
2-6 valid mid-slice images of the affected hip joint. No patient overlap exists between
different JIC classification subtypes. All images were independently annotated and clas-
sified into four ONFH subtypes according to the JIC classification criteria by two senior
orthopedic radiologists, with the following distribution: 178 images of Type A, 221 images
of Type B, 348 images of Type C1, and 701 images of Type C2. A mild class imbalance is
observed in the original dataset, with Type C2 (highest collapse risk) as the majority class.

To completely eliminate data leakage and ensure the objectivity and reproducibility
of model performance evaluation, the full data processing workflow strictly follows the
gold-standard normative principle of patient-level independent splitting first, unified
preprocessing second, and data augmentation exclusively for the training set, with the
following standardized sequential steps:

Step 1: Patient-level independent dataset splitting with stratified sampling

First, the 327 independent patients were randomly divided into the training set
(229 patients, 70%), validation set (65 patients, 20%), and test set (33 patients, 10%) at
a ratio of 7:2:1, with stratified sampling based on JIC classification subtypes to maintain the
original class distribution in each subset. We strictly enforced the patient-level non-overlap
rule: all MRI slices from the same patient were exclusively assigned to only one of the three
sets, with no cross-set patient overlap, slice duplication or information leakage between the
training, validation and test sets.

After splitting, the original unmodified image distribution of each subset is as follows:
training set—1014 original images (Type A: 125, Type B: 155, Type C1: 243, Type C2: 491),
validation set—290 original images (Type A: 35, Type B: 44, Type C1: 70, Type C2: 141), test
set—144 original images (Type A: 18, Type B: 22, Type C1: 35, Type C2: 69).

To ensure stable and unbiased performance evaluation on imbalanced data, we further
performed class-balanced random sampling on the validation and test sets and finally
obtained 100 samples per class for the validation set (400 total images) and 50 samples per
class for the test set (200 total images). All samples in the validation and test sets retained
the original unmodified MRI images, with no augmentation or artificial modification. The
detailed distribution is summarized in Table 1.

Table 1. JLU-ONFH dataset description.

ONFH Subtype Training Set Validation Set Test Set
Type A 450 100 50
Type B 450 100 50

Type C1 450 100 50
Type C2 450 100 50

Step 2: Unified data preprocessing for all subsets

All images in the training, validation and test sets underwent the same standardized
preprocessing operations, including size normalization to 224 x 224 pixels and grayscale
standardization. No differential preprocessing was performed for different sets to ensure
complete consistency of image input specifications.

Step 3: Data augmentation exclusively for the training set after splitting
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To alleviate the class imbalance issue and improve the generalization ability of the
model, lightweight unsupervised data augmentation strategies, including random horizon-
tal flipping, random rotation within +15°, and random brightness adjustment, were only
applied to the original images in the training set after patient-level splitting. All augmented
variants were generated only from the original images of patients in the training set, and
augmented samples from the same original image, hip or patient were strictly confined to
the training set, with no augmented samples entering the validation or test sets. After class-
balanced augmentation, the number of training samples for each category was uniformly
adjusted to 450, with a total of 1800 training samples.

To further rule out potential data leakage, we performed a strict two-step duplicate
and near-duplicate check across the training, validation, and test sets. We performed pixel-
wise comparison of all images, and confirmed that there were no identical images across
different sets. We set a strict threshold of SSIM > 0.95 to identify near-duplicate images
with high structural similarity, and the results showed that there were no near-duplicate
images across the three sets.

The lesion mask annotation for prior knowledge-guided learning was completed based
on the original MRI images of this dataset, following a standardized clinical annotation
protocol as detailed in Section 3.2.

4.2. BT Dataset

The BT dataset (publicly available at https:/ /figshare.com/articles/dataset/brain_
tumor_dataset/1512427 (accessed on 13 April 2026)) is a widely used public brain tumor
MRI dataset constructed by Cheng Jun et al. [37], which contains 3064 T1-weighted contrast-
enhanced MRI images from multi-center clinical institutions (General Hospital of Tianjin
Medical University and Nanfang Hospital). All images were acquired with a standardized
3.0 T MRI scanning protocol, with detailed image acquisition parameters and format
conversion code provided in the official dataset documentation.

To ensure data quality and experimental reliability, we performed a strict multi-step
data screening process on the original 3064 images, with the following exclusion criteria:
(1) images with signal-to-noise ratio (SNR) below 20 dB; (2) images with severe motion
artifacts or geometric distortion; (3) images with blurred lesion boundaries or incomplete
anatomical structures; (4) images with inconsistent slice thickness or non-compliant scan-
ning parameters; (5) duplicate images from the same patient. After screening, a total of
1800 high-quality images from 386 independent patients with consistent scanning settings
were retained for subsequent experiments. These images are divided into three categories
according to pathological tumor types: Meningioma (600 images from 127 patients), Glioma
(600 images from 132 patients), and Pituitary tumor (600 images from 127 patients), with a
perfectly balanced class distribution.

The standardized MRI scanning protocol of the retained images is as follows: repetition
time (TR) of 400-700 ms, echo time (TE) of 10-25 ms, slice thickness of 5 mm, no intersection
gap, field of view (FOV) of 220 x 220 mm, and matrix size of 256 x 256.

The data processing workflow of the BT dataset completely follows the same gold-
standard normative principles as the JLU-ONFH dataset to eliminate data leakage, with
the following sequential steps:

Step 1: Patient-level independent dataset splitting with stratified sampling

First, the 386 independent patients were randomly divided into the training set
(270 patients, 70%), validation set (77 patients, 20%), and test set (39 patients, 10%) at
a ratio of 7:2:1, with stratified sampling based on tumor types to maintain balanced class
distribution in each subset. We strictly enforced the patient-level non-overlap rule: all MRI
slices from the same patient were exclusively assigned to only one of the three sets, with
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no cross-set patient overlap, slice duplication or information leakage between the training,
validation and test sets.

After splitting, the original unmodified image distribution of each subset is as fol-
lows: training set—1260 original images (Meningioma: 420, Glioma: 420, Pituitary: 420),
validation set—360 original images (Meningioma: 120, Glioma: 120, Pituitary: 120), test
set—180 original images (Meningioma: 60, Glioma: 60, Pituitary: 60).

To maintain consistency with the JLU-ONFH dataset experimental settings, we per-
formed class-balanced random sampling on the validation and test sets (without any data
augmentation), and finally obtained 100 samples per class for the validation set (300 total
images) and 50 samples per class for the test set (150 total images). All samples in the vali-
dation and test sets retained the original unmodified MRI images, with no augmentation or
artificial modification. The detailed distribution is summarized in Table 2.

Table 2. BT dataset description.

Label Tumor Type Training Set  Validation Set Test Set
0 Meningioma 450 100 50
1 Glioma 450 100 50
2 Pituitary 450 100 50

Step 2: Unified data preprocessing for all subsets

All images in the training, validation and test sets underwent the same standard-
ized preprocessing operations as the JLU-ONFH dataset, including size normalization to
224 x 224 pixels and grayscale standardization, to ensure complete consistency of input
specifications across two datasets.

Step 3: Data augmentation exclusively for the training set after splitting

Lightweight data augmentation strategies completely consistent with the JLU-ONFH
dataset were only applied to the original images in the training set after patient-level
splitting. All augmented variants were generated only from the original images of patients
in the training set, and strictly confined to the training set, with no augmented samples
entering the validation or test sets. After augmentation, the number of training samples
for each category remained 450, consistent with the JLU-ONFH dataset, to ensure fair
cross-dataset comparison.

We performed the same two-step duplicate and near-duplicate check as the JLU-ONFH
dataset and confirmed that there were no exact duplicate or near-duplicate (SSIM > 0.95)
images across the training, validation, and test sets.

The lesion mask annotation for prior knowledge-guided learning was completed based
on the original MRI images of this dataset, following a standardized clinical annotation
protocol as detailed in Section 3.2.

5. Experiments
5.1. Evaluation Metrics

In the field of medical image classification, the problem of class imbalance is prominent,
and categories with a small number of samples often correspond to subtypes with high
clinical risk and critical intervention value. Therefore, a single evaluation metric cannot
accurately measure the comprehensive performance of the model. For this 4-class ONFH JIC
classification multiclass task and 3-class brain tumor classification task, we select accuracy
(ACC), macro-averaged F1-score, and macro-averaged area under the ROC curve (AUC) as
the core evaluation metrics, which can comprehensively evaluate the model’s classification
performance on both majority and minority classes in imbalanced multiclass scenarios. All
samples in this study are clinical MRI images of patients with confirmed diseases (ONFH
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or brain tumor), and no healthy control samples are included in the classification task. All
metrics are calculated based on the classification of disease subtypes, without involving
the discrimination between disease and healthy controls. The specific definitions are given

as follows.
i TP
Acc = &=L 13
N (13)
TP,
Recall; = ———1__ 14
O = Tp T FN (14)
1 c
Macro — Recall = EZi:l Recall;, (15)
. TP
Precision; = TP+ FP’ (16)
. 1 c .
Macro — Precision = 62i:1 Precision;, (17)
2 x Precision; x Recall;
F1; = - , 18
! Precision; + Recall; (18)
1 cC
Macro — F1 = EZizl F1,;, (19)

where N denotes the total number of samples in the test set, and C denotes the total
number of classification categories (C = 4 for the ONFH task, C = 3 for the brain tumor
task). TP; (True Positive): The number of samples that truly belong to category i and are
correctly classified as category i, TN; (True Negative): The number of samples that do not
belong to category i and are correctly classified as non-i categories, FP; (False Positive):
The number of samples that do not belong to category i but are misclassified as category
i, FN; (False Negative): The number of samples that truly belong to category i but are
misclassified as non-i categories. For the AUC, we adopt the macro-averaged one-vs-rest
(OVR) AUC, which is calculated by fitting the ROC curve for each subtype against all other
subtypes separately, then averaging the AUC values of all subtypes. This strategy is widely
recommended for imbalanced multi-class medical image classification tasks, as it treats all
subtypes equally and reflects the overall discriminative ability of the model.

5.2. Experimental Setup

To ensure effective and stable model training, we adopt consistent and unified ex-
perimental settings for fair evaluation of medical image classification performance. All
experiments are implemented on the Windows 11 operating system with an NVIDIA RTX
4060 (8 G) GPU for acceleration. The framework is built on PyTorch 1.9.0+culll and
coded with Python 3.9.19 (64-bit), supported by CUDA 11.1 for parallel computing. The
key hyperparameters are configured as follows: the batch size is set to 16; the model is
optimized by the Adam optimizer with an initial learning rate of 1 x 10~* and weight
decay of 1 x 107>, and the learning rate is adjusted by the cosine annealing scheduler
during training. The network parameters are initialized with the Xavier method, and the
model is trained for 100 epochs. We adopt an early stopping strategy by saving the optimal
model based on the validation AUC to avoid overfitting.
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5.3. Experimental Results and Discussion
5.3.1. Experimental Results on the Dataset JLU-ONFH

To verify that the proposed method can effectively distinguish MRI images of os-
teonecrosis of the ONFH, the constructed JLU-ONFH dataset is fed into the PGCT-Net
model for training. The number of training epochs is set to 100. The experimental results
are shown in Figures 6 and 7, and the detailed per-class diagnostic performance metrics are
summarized in Table 3.
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Figure 6. Convergence curves of the PGCT-Net on the dataset JLU-ONFH. (a) Accuracy curve;
(b) loss curve.
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Figure 7. Result visualization of the PGCT-Net on the dataset JLU-ONFH. (a) Confusion matrix;
(b) t-SNE visualization result.

Table 3. Per-class diagnostic performance metrics of PGCT-Net on the JLU-ONFH test set
(mean £ 95% CI).

ONFH JIC Subtype Recall (%) Precision (%) F1 (%) AUC (%)
Type A 96.13 £ 2.15 97.94 + 1.54 96.95 + 1.23 99.19 £ 0.58
Type B 94.41 + 2.58 96.89 + 1.76 95.41 + 1.45 98.74 £ 0.72
Type C1 92.06 £ 2.94 95.81 +1.92 93.86 £ 1.67 97.87 £0.85
Type C2 96.15 £ 2.15 94.10 +2.03 95.03 + 1.34 90.04 +1.12
Macro-averaged 94.69 + 1.85 96.19 +1.31 94.14 + 0.67 93.96 &+ 0.91

Figure 6a shows the diagnostic accuracy curves of the model. In the first 20 training
epochs, the model exhibits efficient convergence characteristics, and the training accuracy
and validation accuracy increase synchronously and significantly. After entering the stable
stage, the training accuracy gradually approaches 100%, while the validation accuracy
remains stable at approximately 94.38%, indicating that the model has excellent fitting
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ability. Figure 6b presents the corresponding loss function curves. Both the training loss
and validation loss decrease rapidly within the first 20 epochs. Subsequently, the training
loss gradually converges to a level close to 0, and the validation loss also stabilizes in
a low numerical range without obvious fluctuations after convergence, which further
corroborates the stability and reliability of the model training process.

Figure 7a shows the confusion matrix that further quantifies the classification per-
formance of PGCT-Net in the ONFH MRI staging task. The results demonstrate that the
model achieves excellent recognition capability for the samples. In addition, the t-SNE
feature visualization results in Figure 7b reveal that samples of different stages form distinct
clustering structures in the two-dimensional feature space: samples within each category
are closely clustered, indicating that the features extracted by the model present favorable
intra-class consistency; the boundaries between different categories are clearly distinguish-
able, which further validates the effectiveness of the model in feature representation and
category discrimination.

Table 3 presents the per-class diagnostic performance of the proposed PGCT-Net for
each JIC subtype of ONFH on the independent test set. The model achieved stable and
excellent diagnostic performance across all four subtypes, with sensitivity (recall) exceeding
92% for all subtypes, which fully demonstrates the balanced classification capability of
the model for ONFH with different collapse risks. In particular, for Type C2—the subtype
with the highest femoral head collapse risk (up to 84.8%) and the core population for early
clinical intervention—PGCT-Net achieved a sensitivity of 96.15%, indicating that the model
can accurately identify high-risk cases with an extremely low missed diagnosis rate, which
meets the core requirements of clinical hip-preserving treatment decision-making. For
Type C1, the subtype with subtle millimeter-level imaging differences from Type C2 and a
high clinical misclassification rate, the model still maintained a sensitivity of 92.06%. This
performance benefit comes from the hybrid CNN-Swin Transformer architecture, which
simultaneously captures the fine-grained local features of lesion boundaries and the global
spatial relationship between the necrotic lesion and the acetabular weight-bearing area.
The overall macro-averaged sensitivity, F1-score and AUC reached 94.69%, 94.14% and
93.96% respectively, further verifying that the model maintains excellent classification
performance for both majority and minority classes on the imbalanced medical dataset,
without performance bias towards the majority class.

5.3.2. Experimental Results on the Dataset BT

To verify the cross-task generalization capability of the proposed PGCT-Net archi-
tecture, this study employed the BT dataset for model training and testing. The number
of training epochs was set to 100, and all experimental parameters were kept consis-
tent to objectively evaluate the comprehensive performance of the model across different
medical image classification tasks. The corresponding experimental results are shown in
Figures 8 and 9, and the detailed per-class diagnostic performance metrics are summarized
in Table 4.

Table 4. Per-class diagnostic performance metrics of PGCT-Net on the BT test set (mean + 95% CI).

ONFH JIC Subtype Recall (%) Precision (%) F1 (%) AUC (%)
Meningioma 94.02 4 2.58 95.90 +1.83 94.93 +1.42 98.63 +£0.78
Glioma 92.04 £2.94 97.85 £ 1.65 94.83 £+ 1.58 99.10 + 0.64
Pituitary 99.98 £ 0.02 94.32 +£1.98 97.07 £1.12 99.32 £0.52
Macro-averaged 95.35 +1.79 96.02 £+ 1.27 96.02 +1.27 95.61 +1.04
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Figure 8. Convergence curves of the PGCT-Net on the dataset BT. (a) Accuracy curve; (b) loss curve.
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Figure 9. Result visualization of the PGCT-Net on the dataset BT. (a) Confusion matrix; (b) t-SNE
visualization result.

Figure 8a shows the training and validation accuracy curves of the model. During
the first 20 iterations, the training accuracy and validation accuracy increase rapidly and
synchronously. The training accuracy gradually converges to nearly 100%, while the
validation accuracy remains stable at 95.33%. Figure 8b presents the corresponding training
and validation loss curves. Both training loss and validation loss decrease rapidly within
the first 20 iterations. The training loss gradually converges to an extremely low level
close to 0, and the validation loss also remains stable in a low range, which confirms
the stability and convergence reliability of the model training process. The confusion
matrix and t-SNE feature visualization results further validate the superior classification
performance of PGCT-Net in the brain tumor MRI image classification task, as shown in
Figure 9. The above experimental results demonstrate that the proposed model maintains
stable and superior classification performance in both the JIC classification of osteonecrosis
of the femoral head and brain tumor classification tasks. This verifies that the PGCT-Net
architecture presented in this paper possesses favorable stability across different medical
image classification scenarios.

Table 4 shows the per-class classification performance of PGCT-Net on the BT
dataset for cross-task validation. The model achieved stable and reliable diagnostic
performance across all three brain tumor subtypes, with sensitivity (recall) exceeding
92% for each category, which fully reflects the balanced recognition ability of the model
for different tumor types with varied imaging features. In particular, for Pituitary tumor,
PGCT-Net achieved a sensitivity of 99.98%, indicating that the model can accurately
identify this typical tumor type with an extremely low missed diagnosis rate. For Menin-
gioma and Glioma, two subtypes with complex lesion morphology, blurred boundaries
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and high clinical differentiation difficulty, the model still maintained high sensitivity
of 94.02% and 92.04% respectively. This stable cross-task performance benefits from
the prior knowledge-guided CNN-Swin Transformer hybrid architecture, which can
effectively capture local textural details and global semantic information of lesions in
different anatomical parts. The overall macro-averaged sensitivity, F1-score and AUC
reached 95.35%, 96.02% and 95.61% respectively, further verifying that the model main-
tains excellent and unbiased classification performance on different imbalanced medical
image datasets.

5.4. Ablation Experiments

To verify the effectiveness of the hybrid model and prior knowledge guidance, this
study conducts ablation experiments based on the ONFH MRI image dataset. Four groups
of comparative models are set up in the experiment, and the specific grouping is as follows:
Group 1 (CNN), Group 2 (Swin Transformer), Group 3 (Hybrid model of CNN and Swin
Transformer), and Group 4 (PGCT-Net). The experimental results are shown below.

Table 5 presents the ablation experiment results of different experimental groups. It
can be seen from the table that the hybrid model of CNN and Swin Transformer outper-
forms the single models in all metrics, with ACC, F1 and AUC values of 85.17%, 84.96% and
84.79%, respectively. This is because the hybrid model collaboratively extracts local texture
features and global semantic features through a cascaded dual-branch structure, which
can characterize lesion features more comprehensively and enhance the discriminative
ability of the model. On the basis of the hybrid model, the introduction of the prior mask
mechanism further improves the model performance, with ACC, F1 and AUC values of
94.38%, 94.15% and 93.97%, respectively, achieving the optimal classification performance.
The experimental results demonstrate that prior knowledge guidance can effectively fo-
cus on the lesion region, reduce redundant information, and improve the classification
performance of the model.

Table 5. Ablation study results on the JLU-ONFH test set.

Experimental Group ACC (%) F1 (%) AUC (%)
Group 1 51.42 +4.21 51.03 +4.18 50.86 &+ 3.79
Group 2 72.35 £ 3.17 72.14 £ 298 71.92 £2.76
Group 3 85.17 £ 1.98 84.96 + 2.07 84.79 + 1.46
Group 4 94.38 £ 1.03 94.15 £ 0.67 93.97 £0.91

Figures 10 and 11 show the t-SNE feature visualization results and confusion matrices
of different experimental groups. It can be seen from the figures that the features extracted
by the CNN model present severe inter-class overlap. Compared with CNN, the Swin
Transformer model has improved inter-class discriminability, but still exhibits obvious
intra-class dispersion and inter-class overlap. The hybrid model of CNN and Swin Trans-
former achieves the preliminary separation of major categories, yet there is still partial
overlap among features of similar grades. In contrast, the feature distribution of the PGCT-
Net proposed in this paper shows distinct inter-class separation and compact intra-class
aggregation. Meanwhile, the number of misclassified samples in its confusion matrix is
relatively low, with the highest diagnostic accuracy, which fully proves the excellent feature
extraction and category discrimination abilities of the proposed model.
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Figure 10. t-SNE visualization results of different experimental groups.
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Figure 11. Confusion matrices of different experimental groups.
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5.5. Effectiveness Analysis of Prior Knowledge Guidance Based on Grad-CAM

This paper adopts Gradient-weighted Class Activation Mapping (Grad-CAM) to
conduct qualitative visualization analysis of the model’s attention distribution, so as to
verify the effectiveness of the prior knowledge guidance mechanism. By presenting the
attention activation regions corresponding to classification decisions, this paper analyzes
whether the mask learning mechanism can guide the model to focus on clinical pathological
areas and whether the attention distribution can accurately cover lesion regions. The
relevant results are illustrated in Figure 12.

Figure 12. Lesion-focused Grad-CAM visualization guided by prior knowledge.

As shown in Figure 12, the highlighted attention regions for model decision-making
are spatially consistent with the lesion mask regions annotated by clinicians. The activation
regions are mainly concentrated on the core diagnostic areas including the necrotic core,
sclerotic band, cystic degeneration and bone marrow edema. The model obviously sup-
presses invalid activation in irrelevant background such as the acetabulum, muscles and
adipose tissues, and reduces redundant attention on normal bone tissue. Even for early
tiny lesions, the attention regions of the model match the lesion boundaries and core scope
well, without obvious dispersion or deviation.

Through end-to-end mask constraint and joint optimization, clinical prior knowledge
is deeply embedded into the feature learning process, which reasonably calibrates the
model’s learning objectives. The model mainly makes classification decisions based on core
lesion features recognized clinically, instead of relying on background pseudo-features. Its
attention distribution is consistent with clinicians” diagnostic logic of focusing on lesions,
which improves the interpretability of the model and reduces the black-box characteristic
of deep learning models to a certain extent. This provides intuitive support for the clinical
practicability of the model [5,12].
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5.6. Comparative Experiments

To comprehensively verify the overall performance and generalization capability
of the proposed PGCT-Net in medical image classification tasks, nine state-of-the-art
mainstream medical image classification methods are selected for comparative analysis,
including R2C-GAN [38], ThoraX-PriorNet [39], ARiViT [40], Residual-BRNet [41], In-
tegrated Attention-Guided CNN [42], CCF-GNN [43], CDAE-R [44], GPTNeXt [45] and
CNN-VIiT [46]. All comparative models are strictly reimplemented in accordance with the
experimental procedures described in the original literature. Comparative experiments
are performed on the JLU-ONFH dataset and the BT dataset. All baseline models adopt
the same complete experimental workflow as PGCT-Net. Unified arrangements are im-
plemented for dataset split, image preprocessing, data augmentation strategy, optimizer
configuration, learning rate scheduler, batch size, early stopping rule, and model selection
criterion. The optimal model is determined based on the highest macro average AUC on
the validation set. The absolute fairness and reproducibility of comparative experiments
are therefore guaranteed.

To ensure the reliability and stability of the experimental results, all experiments are
repeated independently 10 times, and the average values of various indicators are taken
as the final results to minimize the interference of random factors on the experimental
outcomes during the training process. The experimental results are presented as follows.

The classification performance comparison results between each comparative model
and the proposed PGCT-Net on the dataset JLU-ONFH are depicted in Figure 13. R2C-GAN
expands the feature space via sample generation, yet targeted learning of fine-grained
lesion textures is absent. The capacity for discriminative feature extraction is compromised,
resulting in suboptimal classification accuracy [38]. ThoraX-PriorNet incorporates medical
prior knowledge to enhance the recognition of positive samples, achieving an AUC of
93.20%. However, prior constraints are not embedded into the feature learning pipeline,
leading to insufficient classification balance and an F1-score of only 87.80% [39]. ARiViT
performs global feature modeling through the self-attention mechanism, with ACC and
F1-score reaching 93.05% and 92.50%, respectively. This model lacks the inductive bias for
local texture representation, exhibits poor capability in extracting detailed features of am-
biguous lesions, and demonstrates limited adaptability to small-sample data. A substantial
performance gap remains between this approach and the model proposed herein [40].

Performance Comparison of Different Models
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Figure 13. Performance comparison of different models on the JLU-ONFH dataset.
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Residual-BRNet enables stable extraction of local lesion features via residual con-
nections, with all three evaluation metrics stabilized at approximately 91%. Restricted
by the finite receptive fields of convolutional kernels, long-range dependencies between
lesions and global structural information cannot be effectively modeled [41]. Integrated
Attention-Guided CNN leverages an attention mechanism to focus on lesion regions, but
the granularity of feature localization is coarse. Weak noise robustness and generalization
capability are observed, accompanied by a low overall accuracy of 91.20% [42]. CCF-GNN
models feature correlations based on graph structures, yet it is poorly compatible with the
two-dimensional spatial features of MRI images, failing to effectively capture the spatial dis-
tribution and morphological characteristics of lesions [43]. CDAE-R accomplishes feature
denoising and reconstruction using autoencoders. With unsupervised reconstruction as the
learning objective, this framework is decoupled from the classification task, impeding the
mining of high-level discriminative lesion features [44]. GPTNeXt extracts multi-domain
features by combining large-kernel convolution and Transformer architectures, but the
multi-scale feature fusion strategy is oversimplified, making it difficult to accommodate the
high variability in lesion size and location [45]. CNN-ViT integrates the complementary
advantages of convolution and Transformer modules. Nevertheless, the feature interaction
mechanism is underdeveloped, and the fusion of local details and global context is inade-
quate. Low feature utilization efficiency is induced, and thus its performance is inferior to
that of the proposed model [46].

As quantitatively illustrated in Table 6, the proposed PGCT-Net achieves the optimal
performance in ACC (94.38 £ 1.03%), F1-score (94.15 =+ 0.67%), and AUC (93.97 £ 0.91%)
among all baseline models. Crucially, PGCT-Net exhibits the smallest standard deviation
across all metrics, proving superior stability and reproducibility compared with all com-
peting methods. The consistent performance superiority over direct ablation baselines,
prior-guided models, and state-of-the-art approaches further validates the effectiveness
of the mask-guided prior knowledge mechanism and the hybrid CNN-Swin architecture
designed in this work.

Table 6. Comprehensive performance comparison of all models on the JLU-ONFH dataset.

Model Category Model Name ACC (%) F1 (%) AUC (%)
CNN 51.42 + 4.21 51.03 + 4.18 50.86 + 3.79
Core Direct Baselines Swin Transformer 72.35 +£3.17 72.14 £ 2.98 71.92 +£2.76
CNN-Swin Hybrid 85.17 + 1.98 84.96 + 2.07 84.79 + 1.46
Prior & Attention-Guided ThoraX-PriorNet [39] 91.32 + 1.74 87.80 + 2.11 93.20 + 1.53
SOTA Models Integrated Attention-Guided CNN [42] 91.20 + 1.86 90.85 + 1.93 90.62 + 1.74
R2C-GAN [38] 88.45 + 2.05 87.92 +2.12 87.54 +1.98
ARIVAT [40] 93.05 + 1.52 9250 + 1.64 92.17 + 1.58
Other Ma Residual-BRNet [41] 91.04 + 1.79 90.76 + 1.85 90.53 + 1.69
tsce;r " ?\j{“s(;“iam CCF-GNN [43] 89.37 + 1.92 89.02 + 2.01 88.76 + 1.83
odels CDAE-R [44] 92.14 + 1.67 91.89 + 1.73 91.57 + 1.65
GPTNeXt [45] 90.78 + 1.82 90.43 + 1.88 90.11 + 1.76
CNN-ViT [46] 92.56 + 1.59 92.17 + 1.66 91.89 + 1.61
Proposed Model PGCT-Net 94.38 +1.03 94.15 + 0.67 93.97 + 0.91

The classification performance comparison results between each comparative model
and the proposed PGCT-Net on the dataset BT are illustrated in Figure 14. R2C-GAN
shows a slight performance improvement on the BT dataset but remains at a below-average
level overall. Although this model enriches feature representation through a generative
mechanism, it presents poor adaptability to medical image features with distinct distri-
butions and fails to effectively handle variations in lesion morphology, leading to limited
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promotion in classification accuracy [38]. ThoraX-PriorNet achieves an ACC of 92.80%,
yet its AUC is only 91.00%. The issue of unbalanced performance is further intensified
with obvious performance degradation, and its robustness is far inferior to that of the
proposed PGCT-Net [39].
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Figure 14. Performance comparison of different models on the BT dataset.

ARiViT exhibits a remarkable performance drop, as it is sensitive to changes in data
distribution and lacks sufficient generalization capability [40]. Residual-BRNet obtains a
substantial performance improvement on the BT dataset but still cannot break through
the inherent limitation of convolutional structures in modeling global information, thus
underperforming PGCT-Net [41]. Integrated Attention-Guided CNN suffers from a drastic
performance decline, with significantly weakened feature extraction ability and unsatisfac-
tory overall performance [42]. CCF-GNN has better adaptability to the spatial correlation
features of lesions in the BT dataset owing to its graph structure modeling capacity, yet it
still has obvious deficiencies in extracting low-level detailed features of images, resulting
in a notable gap in overall performance compared with the proposed model [43].

CDAE-R achieves all three evaluation metrics above 93%. Its denoising and recon-
struction based on an autoencoder possesses strong robustness in extracting lesion features,
but, constrained by the upper limit of feature expression of the encoder, it fails to deeply
mine multi-scale and global features of lesions, so its performance is still weaker than
PGCT-Net [44]. The hybrid structure of GPTNeXt is sensitive to variations in data distri-
bution, and its fusion mechanism for local and global features cannot function effectively.
With insufficient generalization ability, the performance gap between GPTNeXt and the
proposed model is further widened [45]. Although the CNN-Transformer hybrid architec-
ture of CNN-ViT has certain feature adaptability, it cannot realize dynamic optimization
for lesion features of different datasets. The depth and effectiveness of feature fusion are
insufficient, leading to poorer performance than PGCT-Net [46].

In accordance with the quantitative results listed in Table 7, the proposed PGCT-Net
exhibits promising classification performance on the BT dataset and achieves competitive
ACC (95.33 & 0.98%), Fl-score (95.61 £ 0.87%), and AUC (99.02 + 0.76%) among all
comparative models. Furthermore, PGCT-Net produces lower standard deviations for all
evaluation metrics than other baseline models.
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Table 7. Comprehensive performance comparison of all models on the BT dataset.

Model Category Model Name ACC (%) F1 (%) AUC (%)
CNN 58.26 4 3.87 57.93 +3.92 57.68 4 3.64
Core Direct Baselines Swin Transformer 76.43 +2.95 76.18 £+ 3.02 75.84 + 2.83
CNN-Swin Hybrid 87.25 + 1.86 86.97 +1.94 86.72 + 1.58
Prior & Attention-Guided ThoraX-PriorNet [39] 92.80 4+ 1.69 91.05 4+ 1.87 91.00 +1.75
SOTA Models Integrated Attention-Guided CNN [42] 89.64 + 1.91 89.27 +1.98 88.93 + 1.86
R2C-GAN [38] 90.12 + 1.88 89.76 = 1.95 89.42 + 1.82
ARIVIT [40] 91.76 = 1.73 91.34 +1.81 90.98 +1.77
. Residual-BRNet [41] 92.05 + 1.68 91.72 +£1.75 91.38 + 1.69
Other Mizns;;r‘l’am SOTA CCF-GNN [43] 9234+162  92.01+1.69 9167+ 1.64
odels CDAE-R [44] 93.12 + 1.58 92.87 + 1.64 9254 + 1.61
GPTNeXt [45] 90.87 + 1.84 90.53 + 1.90 90.19 + 1.83
CNN-VIT [46] 93.47 +1.54 93.12 + 1.60 92.78 + 1.57
Proposed Model PGCT-Net 95.33 4+ 0.98 95.61 4+ 0.87 99.02 4+ 0.76

Combined with the experimental results of the two datasets, the following conclusion
can be drawn: with changes in the anatomical regions and feature distributions of medical
images, most comparative models exhibit varying degrees of performance fluctuation and
accuracy degradation. In contrast, the proposed PGCT-Net achieves a smaller range of
performance variation in different medical image classification tasks and stably maintains
high classification accuracy. This demonstrates that the hybrid architecture integrated with
prior knowledge guidance presents stronger adaptability to diverse medical image feature
distributions, and the developed algorithm possesses favorable stability in medical image
classification tasks.

6. Conclusions

Aiming at the core challenges in the clinical diagnosis of JIC classification for os-
teonecrosis of the ONFH, including large subjective errors, difficulties in identifying early-
stage lesions, insufficient feature adaptability of existing Al models, and inadequate model
reliability, this paper proposes a Prior Knowledge-Guided CNN-Swin Transformer Hybrid
Network, namely PGCT-Net, for the accurate classification and diagnosis of ONFH using
MRI images. The model adopts a multi-stage cascaded architecture, which integrates the
strong capability of CNN in capturing local fine-grained lesion features and the advantage
of Swin Transformer in modeling global spatial semantic features. Meanwhile, it introduces
a clinical lesion mask-guided learning mechanism to deeply embed clinical diagnostic
prior knowledge into the whole process of feature learning and decision-making of the
model, realizing the deep coupling of local and global features, and enhancing the visual
interpretability and reliability of model decision-making. The method proposed in this
paper can provide an efficient, reliable and visually interpretable Al-assisted diagnostic
tool for accurate JIC classification of ONFH and individualized hip-preserving treatment.
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