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Abstract

Accurate classification of breast cancer histopathology images is essential for early diag-
nosis and effective clinical management. However, conventional deep learning models
often exhibit performance degradation under limited labeled data and lack interpretability,
which restricts their clinical applicability. To address these challenges, we propose GAFR-
Net, a robust and interpretable Graph Attention and Fuzzy-Rule Network designed for
histopathology image classification under scarce supervision (defined here as less than
10% labeled data). GAFR-Net constructs a similarity-driven graph to model inter-sample
relationships and employs a multi-head graph attention mechanism to capture complex
relational representations among heterogeneous tissue structures. Meanwhile, a differen-
tiable fuzzy-rule module integrates intrinsic topological descriptors—such as node degree,
clustering coefficient, and label consistency—into explicit and human-readable diagnostic
rules. This architecture establishes transparent IF–THEN inference mappings that emulate
the heuristic reasoning process of clinical experts, thereby enhancing model interpretability
without relying on post-hoc explanation techniques. Extensive experiments conducted on
three public benchmark datasets—BreakHis, Mini-DDSM, and ICIAR2018—demonstrate
that GAFR-Net consistently surpasses state-of-the-art methods across multiple magnifica-
tions and classification settings. These results highlight the strong generalization capability
and practical potential of GAFR-Net as a trustworthy decision-support framework for
weakly supervised medical image analysis.

Keywords: breast cancer classification; histopathology images; graph neural networks;
graph attention network; fuzzy rules; model interpretability; explainable AI; weakly
supervised learning

1. Introduction
Breast cancer remains one of the most prevalent malignant tumors among women

worldwide, and accurate early diagnosis is essential for improving patient survival
rates [1,2]. Conventional histopathological examination relies heavily on the subjective
assessment of experienced pathologists, which may lead to inter-observer variability, in-
creased diagnostic workload, and a non-negligible risk of oversight or misinterpretation [3].
In recent years, deep learning techniques—particularly Convolutional Neural Networks
(CNNs)—have demonstrated remarkable success in automated medical image classifica-
tion [4,5]. Despite these advances, CNN-based architectures are inherently constrained by
their local receptive fields, limiting their ability to capture global relational dependencies
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among histopathological samples. Moreover, under small-sample or class-imbalanced
conditions, CNN models are susceptible to feature bias, unstable optimization, and overfit-
ting [6,7]. Medical image datasets frequently exhibit significant class imbalance—where
malignant samples substantially outnumber benign ones, or certain rare tumor subtypes
are severely underrepresented. This skewed distribution can bias models toward majority
classes while neglecting discriminative features of minority classes, ultimately compro-
mising clinical utility [8]. When combined with fuzzy rule learning, class imbalance may
lead to rule activation predominantly favoring majority classes, hindering the formation of
effective diagnostic rules for minority classes and exacerbating misdiagnosis risks. More
critically, their opaque “black-box” decision-making process lacks interpretability, which
hinders clinical trust and restricts their adoption in real-world diagnostic workflows.

To address these challenges, researchers have explored advanced feature discovery
and adaptation mechanisms. For instance, sophisticated feature discovery transformers and
metric learning strategies, such as class-centric polarization [9,10], have been proposed to
enhance representation robustness in challenging environments. Similarly, multi-scale ker-
nel gated networks [11] have demonstrated the efficacy of gating mechanisms in processing
complex visual information. While these approaches improve representation robustness,
they primarily focus on enhancing local feature extraction and often overlook explicit
modeling of global relational dependencies and intrinsic interpretability.

Building upon these insights and addressing the aforementioned limitations, this
study proposes a novel interpretable graph-based learning framework termed GAFR-Net
(Graph Attention and Fuzzy-Rule Network). The proposed model constructs a similarity-
driven graph representation among histopathology images, enabling the learning process to
jointly exploit sample-wise semantic relationships and global topological context. A multi-
head Graph Attention Network (GAT) is employed to adaptively weight neighborhood
contributions, thereby capturing relational features that are difficult for conventional
CNNs to model. In addition, GAFR-Net extracts a set of topology-aware descriptors—
including clustering coefficient, node degree, and two-hop label agreement—to characterize
the structural role of each node within the graph. These descriptors not only provide
complementary structural information but also serve as an explicit basis for interpretable
reasoning. To further enhance transparency and robustness, we integrate a trainable
fuzzy-rule reasoning module that modulates node representations through explicit “IF–
THEN” rules derived from topological patterns. For instance, a representative rule can
be formulated as: IF the node degree is high AND the label consistency is strong, THEN
the sample belongs to a high-confidence region. Such rule-based reasoning establishes a
direct and human-understandable link between graph topology and diagnostic predictions,
facilitating trustworthy decision support in clinical applications.

As shown in Figure 1, the overall pipeline of GAFR-Net includes graph construction,
topological descriptor extraction, graph attention message passing, fuzzy-rule reasoning,
and gating fusion.

Our contributions can be summarized as follows:

• We propose GAFR-Net, a novel interpretable classification framework that tightly
integrates graph attention mechanisms with trainable fuzzy-rule reasoning, enabling
unified relational learning and intrinsic model interpretability.

• We design a topology-aware feature representation incorporating clustering coefficient,
node degree, and two-hop label agreement, which effectively captures inter-sample
structural relationships and enhances generalization under class-imbalanced settings.

• We introduce a trainable fuzzy-rule module that establishes explicit “IF–THEN” map-
pings between topological descriptors and classification outputs, providing transpar-
ent and human-interpretable diagnostic reasoning.
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• Extensive experiments on three public datasets demonstrate that GAFR-Net achieves
superior accuracy, robustness, and interpretability compared with CNN-based,
Transformer-based, and graph-based baselines, highlighting its potential for real-
world weakly supervised medical image analysis.

Figure 1. Overall pipeline of the proposed GAFR-Net, consisting of graph construction, topological
descriptor extraction, graph attention message passing, fuzzy-rule reasoning, and gating fusion for
interpretable breast cancer histopathology classification.

2. Related Work
2.1. Evolution of Structural Representation: From CNNs to GNNs

The paradigm of automated histopathology image classification has been long defined
by the success of Convolutional Neural Networks (CNNs). Early deep learning frame-
works focused on utilizing dense, grid-based architectures like ResNet and DenseNet to
extract high-level semantic features from breast cancer tissue slides [12]. Despite achieving
competitive accuracy, these methods possess inherent structural vulnerabilities. Standard
convolutions rely on a fixed receptive field, which makes them inherently suboptimal for
modeling the non-Euclidean, irregular spatial distributions of heterogeneous cell nuclei and
stroma. Consequently, CNNs often fail to capture the long-range topological dependencies
that are critical for characterizing the tumor microenvironment [13,14].

To transcend these limitations, Graph Neural Networks (GNNs) have emerged as a
powerful alternative by abstracting histopathology images into graph-structured data. By
representing individual tissue patches or nuclei as nodes and their spatial interactions as
edges, GNNs can perform relational reasoning via sophisticated message-passing mecha-
nisms [15]. Recent advancements have integrated Multi-head Graph Attention (GAT) to
dynamically assign importance to neighboring nodes, thereby enhancing the robustness of
feature aggregation against data noise [3,16].

The design of GAFR-Net is also informed by recent progress in robust feature learn-
ing and gated architectures. While contemporary approaches have utilized class-centric
polarization for metric learning [9] or multi-scale kernel gated networks for image enhance-
ment [11], GAFR-Net specifically tailors these concepts for histopathology classification.
Unlike feature discovery transformers designed for low-light scenarios [10], our framework
integrates differentiable fuzzy rules with graph attention to ensure that the discovered
relational features are directly mapped to interpretable diagnostic logic. This synergy
ensures that our gating fusion (Equation (7)) not only integrates learned context but also
maintains the transparency required for clinical decision-support.
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However, a major gap persists: while these graph-based architectures improve rep-
resentational power, they typically operate as “black boxes”. In clinical settings, high
performance alone is insufficient; the lack of transparency in how GNNs fuse relational
features limits their accountability and clinical trustworthiness [17].

2.2. Interpretable Reasoning and Knowledge-Driven Diagnosis

As AI systems transition into clinical practice, interpretability has become a paramount
requirement for oncology diagnosis. Existing interpretability techniques mainly fall into
post-hoc attribution methods, such as Grad-CAM or LIME, which generate visual heatmaps
to highlight salient regions [18]. Nevertheless, these visual cues often lack explicit logical
grounding and fail to explain “why” a specific diagnostic decision was reached in a way that
aligns with pathological guidelines. Unlike these post-hoc methods that require secondary
models to interpret a “black-box” predictor, fuzzy logic and rule-based systems provide
an intrinsic, self-interpretable solution. By offering a transparent “IF-THEN” reasoning
mechanism that mimics the heuristic deduction process of medical experts [19], fuzzy
reasoning can handle the inherent uncertainty and imprecision in medical data by mapping
quantitative descriptors into linguistic variables.

Despite these advantages, fuzzy rule learning faces additional challenges when ap-
plied to imbalanced medical datasets. Krawczyk et al. [8] systematically reviewed fuzzy
rule-based classification systems for imbalanced data, revealing that conventional fuzzy
rule learning tends to produce rules biased toward majority classes, resulting in degraded
performance for minority classes. This phenomenon is particularly problematic in medical
diagnosis, where rare but critical pathological subtypes may be systematically underdiag-
nosed. Similarly, Rasool et al. [20] emphasized that class imbalance not only affects deep
feature learning but also significantly impacts the rule extraction process in interpretable
models, as the uneven distribution of training samples leads to imbalanced rule activa-
tion and weighting. These findings underscore the need for careful consideration of class
distribution when designing fuzzy rule-based diagnostic systems.

The current research landscape highlights two unresolved challenges: (1) conventional
CNNs and Transformers struggle to adequately represent the complex global topological
information of breast tissue under limited annotation conditions, and (2) state-of-the-art
GNNs rarely incorporate human-understandable, symbolic reasoning pathways directly
into their learning process [21]. To bridge these critical gaps, we propose GAFR-Net, a uni-
fied framework that synergizes graph attention-based structural modeling with a trainable,
self-interpretable fuzzy-rule reasoning layer. Specifically, GAFR-Net extracts discriminative
topological cues such as node degree, clustering coefficients, and label consistency—and
encodes them into a set of explicit diagnostic rules [22]. This integration not only enhances
the model’s ability to learn from scarce annotations through relational priors but also
transforms the relational embeddings into transparent, rule-driven diagnostic logic. By
embedding interpretability directly into the architecture, GAFR-Net ensures that each
classification is accompanied by an accountable reasoning path, thereby supporting reliable
clinical decision-making.

3. Methodology
In this section, we present the overall framework of GAFR-Net, an interpretable

graph-based learning model designed for breast cancer histopathology classification. The
proposed architecture integrates four key components: (1) similarity-based graph construc-
tion, (2) topology-aware feature extraction, (3) multi-head graph attention message passing,
and (4) a trainable fuzzy-rule reasoning module. A final gating fusion layer combines
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relational embeddings with fuzzy-rule activations for robust and interpretable classification.
The complete procedure is summarized in Algorithm 1.

Algorithm 1 GAFR-Net: Graph Attention and Fuzzy Rule Network

Input: Image set {xi}, similarity threshold τ
Output: Predictions ŷ and fuzzy rule activations

1: Step 1: Graph Construction
2: for each pair (xi, xj) do
3: if sij > τ then
4: Add edge (i, j) to graph G
5: end if
6: end for
7: Step 2: Topological Feature Extraction
8: for each node u do
9: Compute clustering coefficient C(u), degree d(u), label agreement L(u)

10: fu ← [C(u), d(u), L(u)]
11: end for
12: Step 3: Graph Attention Message Passing
13: for each GAT layer l do
14: Compute attention αuv for neighbors v
15: hl+1

u ← σ
(

∑v∈N (u) αuvWhl
v

)
16: end for
17: Step 4: Trainable Fuzzy Rule Reasoning
18: for each node u do
19: rk(u)← µk( fu) for each rule k
20: r(u)← ∑k αkrk(u)
21: end for
22: Step 5: Gating Fusion and Prediction
23: h′u ← hu + r(u)
24: ŷu ← Softmax(Wch′u)

3.1. Graph Construction

Given a set of histopathology images {xi}N
i=1, we construct a feature-based graph

G = (V, E) in which each node corresponds to an individual histopathology image and
each edge encodes inter-sample semantic similarity. Specifically, for each image xi, we
extract a semantic feature vector zi ∈ Rd using a deep image encoder, and define one node
vi ∈ V for each feature vector. We emphasize that our graph is not patch-based or region-
based; i.e., we do not split an image into multiple patches or regions as separate nodes.
Instead, each node represents one complete histopathology image instance represented by
its learned deep feature embedding.

To ensure that the similarity metric reflects high-level semantic correlations rather than
raw pixel variations, for each image pair (xi, xj), a cosine similarity score sij is computed
between the corresponding deep feature vectors:

sij =
z⊤i zj

∥zi∥2 ∥zj∥2
(1)

where sij ∈ [−1, 1]. We choose cosine similarity because it is invariant to feature magnitude,
effectively handling variations in staining intensity across different histopathology samples.
An undirected edge is added between nodes i and j if

sij > τ. (2)

where τ is a threshold controlling graph sparsity. Following the sensitivity analysis (as
shown in Figure 2), we set τ = 0.75 to achieve an optimal balance between graph con-
nectivity and noise reduction. This static thresholding strategy is specifically maintained
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to ensure diagnostic consistency and computational tractability. As demonstrated by our
empirical results, the model’s performance follows a stable bell-shaped distribution across
all magnification factors, with τ = 0.75 consistently yielding the optimal trade-off. While
adaptive thresholding remains a potential direction, a fixed threshold provides a standard-
ized semantic metric that prevents the decision-making logic from being influenced by
localized data noise or staining variations. Furthermore, the current static implementation
ensures high efficiency for real-time clinical deployment, maintaining a favorable balance
between inference speed and model complexity.

This structure allows the model to capture inter-sample relationships that are often
missed by conventional CNNs.

Figure 2. Sensitivity analysis of the similarity threshold τ on the BreakHis dataset. The plot illustrates
the impact of varying τ on AUC-ROC and Balanced Accuracy, identifying τ = 0.75 as the optimal
value for balancing graph sparsity and relational feature extraction.

3.2. Topological Feature Extraction

To enhance interpretability, we compute three topological descriptors for each node u:

• Clustering coefficient C(u): indicates local neighborhood density.
• Node degree d(u): represents graph.
• Two-hop label agreement L(u): reflects class consistency among extended neighbors.

These form a topology vector fu = [C(u), d(u), L(u)], which serves as input to the
fuzzy-rule module.

Importantly, these graph topology descriptors are naturally compatible with fuzzy
rules because they are low-dimensional, human-interpretable quantities with clear semantic
meaning in a relational context. For example, a high degree d(u) often indicates that a sam-
ple is connected to many similar instances, while a high clustering coefficient C(u) reflects
a locally coherent neighborhood structure. Such descriptors can be directly translated into
linguistic concepts (e.g., LOW/MEDIUM/HIGH) via membership functions and combined
through IF–THEN rules, allowing the model to map structural evidence from the graph
into explicit diagnostic logic. This design strengthens interpretability by grounding the
fuzzy reasoning module in measurable graph properties rather than opaque latent features.

Furthermore, to provide a quantitative assessment of the contribution of these topolog-
ical features to the model’s output, we employ feature importance metrics such as Shapley
values. Shapley values allow us to calculate the individual contribution of each topological
descriptor (C(u), d(u), and L(u)) to the final prediction made by the model. By computing
the Shapley values for each feature, we can assign a weight to each descriptor, quanti-
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tatively indicating its influence on the model’s decision-making process. This addition
provides a more rigorous, data-driven evaluation of the importance of each feature, further
enhancing the transparency and interpretability of the model.

3.3. Graph Attention Message Passing

To capture heterogeneous neighborhood influence, we employ multi-head Graph
Attention Network (GAT) layers [3]. For each node u and its neighbors v ∈ N (u), an
attention coefficient αuv weights the contribution of v:

h(l+1)
u = σ

 ∑
v∈N (u)

αuvWh(l)v

, (3)

where W is a learnable projection matrix and σ is an activation function.

3.4. Comparative Analysis and Novelty of GAFR-Net

To better clarify the novelty of our framework, we explicitly distinguish GAFR-Net
from three closely related lines of prior work: (i) attention-only GNN models, (ii) post-hoc
explainability methods, and (iii) fuzzy-neural (neuro-fuzzy) classifiers. First, conven-
tional attention-based GNNs (e.g., GAT variants) improve relational feature aggregation
by weighting neighbors, but their decision process is still largely implicit and typically
relies on post-hoc attribution to explain predictions. In contrast, GAFR-Net couples graph
attention with an intrinsic fuzzy-rule reasoning layer that maps topology-aware descrip-
tors (degree, clustering coefficient, label consistency) into explicit linguistic concepts and
rule activations, yielding a traceable “IF–THEN” diagnostic pathway. Second, post-hoc
explanation methods (e.g., saliency maps) generate explanations after the prediction is
made and do not participate in learning; thus, they may be unstable and not faithful to the
model’s internal logic. By design, our fuzzy rules are trained jointly with the classifier and
directly modulate the decision function, improving both faithfulness and interpretability.
Third, prior fuzzy-neural or neuro-fuzzy classifiers usually operate on vectorized features
and lack an explicit mechanism to model inter-sample relations; GAFR-Net addresses this
gap by building a similarity-driven graph and performing message passing before fuzzy
reasoning. Overall, the unified integration of graph attention (for relational learning) and
trainable fuzzy rules (for intrinsic, symbolic reasoning) constitutes the main methodological
innovation of GAFR-Net.

3.5. Trainable Fuzzy Rule Reasoning

To facilitate human-understandable explanations, we design a differentiable fuzzy-
rule module that transforms abstract embeddings into symbolic logic [23]. For each node u
and rule k, a membership degree is computed as follows:

rk(u) = µk( fu), (4)

where µk(·) denotes a trainable membership function that maps numerical topological
descriptors into linguistic variables. The overall rule activation is then defined by:

r(u) = ∑
k

αkrk(u), (5)

where αk represents the learnable importance weights assigned to each diagnostic rule.
This module effectively maps graph topology into explicit reasoning logic, such as: “IF
node degree is HIGH AND label agreement is STRONG, THEN the sample belongs to a HIGH-
CONFIDENCE region”.
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Data-driven optimization of membership functions.

In our implementation, each fuzzy set is parameterized by a Gaussian membership
function with learnable center c and width σ. For a scalar descriptor value x, the member-
ship degree is computed as

µ(x) = exp
(
− (x− c)2

2σ2

)
, (6)

where c and σ are trainable parameters. Instead of manually specifying these parameters,
we initialize them using simple statistics of each descriptor on the training set (e.g., mean
and standard deviation), and then optimize them in a fully data-driven manner together
with the whole network.

Backpropagation and end-to-end training.

All operations in the fuzzy-rule module (descriptor normalization, Gaussian mem-
bership evaluation, rule aggregation, and gating fusion) are differentiable. Therefore, the
membership parameters (c, σ) and the rule weights {αk} receive gradients from the final
classification loss and are updated through standard backpropagation. Specifically, during
each iteration, the model computes the topology vector fu, evaluates fuzzy memberships
and rule activations r(u), fuses r(u) with the GAT embedding, and updates all parameters
by gradient descent. This explicit gradient-driven optimization makes the fuzzy rules
adaptive to dataset-specific graph topology and reduces manual rule tuning.

The proposed fuzzy reasoning workflow is visualized in Figure 3. As illustrated,
the module first normalizes the extracted topological descriptors, including node degree,
clustering coefficient, and label consistency (Figure 3A) [24]. These numerical magnitudes
are subsequently mapped into overlapping linguistic sets through differentiable Gaussian
membership functions (Figure 3B) [25]. Finally, the framework generates a transparent
diagnostic logic path by aggregating these activations (Figure 3C) [26]. Unlike conventional
“black-box” architectures or post-hoc attribution methods that provide secondary approxi-
mations of model behavior, GAFR-Net embeds interpretability directly into the primary
decision-making path. This self-interpretable architecture ensures that for every malignant
or benign prediction, a rigorous “IF-THEN” reasoning chain is provided, closely aligning
with the heuristic deduction process employed by clinical pathologists.

Figure 3. The intrinsic reasoning mechanism of GAFR-Net. (A) Input topological descriptors
representing the local and global graph structure; (B) Feature mapping through trainable Gaussian
membership functions to handle uncertainty; (C) Explicit “IF-THEN” logic activation that provides
an accountable diagnostic path.

3.6. Gating Fusion and Prediction

The relational embedding and rule activation are fused via a gating mechanism:

h′u = hu + r(u), (7)
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where hu is the GAT embedding. While more complex gating mechanisms (e.g., learned
gating coefficients or attention-based fusion) were considered, we adopted the additive
fusion strategy for its superior alignment with the requirement of clinical interpretability.
This additive approach ensures that the explicit logic generated by the fuzzy rules directly
modulates the latent relational features without being obscured by opaque, non-linear
gating operations. Such a design maintains a transparent diagnostic logic path, allowing
the model’s predictions to be traceably linked to the underlying topological evidence. The
final prediction ŷu is obtained via a softmax classifier:

ŷu = Softmax(Wch′u). (8)

4. Experiment
4.1. Experimental Settings
4.1.1. Implementation Details

Our implementation of GAFR-Net utilizes PyTorch 2.0.1 and Python 3.10. Experiments
were conducted on two NVIDIA T4 GPUs (16 GB each). To ensure stable optimization and
prevent gradient explosion, we set the initial learning rate to 0.0001 and used a batch size
of 16, balancing GPU memory usage with parameter update frequency . The model was
trained for 50 epochs, offering a balance between performance and computational efficiency.

To improve generalization with limited annotations, we applied data augmentation
techniques, including horizontal/vertical flips and random rotations within ±30◦. All
images were resized to 224× 224, normalized, and converted into tensors. Each experiment
was repeated four times to reduce randomness, with averaged metrics reported.

Baseline implementation details. For all comparison baselines, we used the original net-
work backbones (ResNet50, ViT, Swin-Tiny, CoAtNet, and ConvNeXt-Tiny) with ImageNet-
pretrained weights. To ensure a fair comparison, all baselines were re-implemented and
evaluated under the same weak supervision paradigm as GAFR-Net, using identical label
percentages and the same data augmentation strategy. Specifically, their node features
were extracted using the same image encoder pipeline and trained end-to-end with the
same data split. Unless stated otherwise, all baselines used the same input resolution
(224× 224), augmentations (flip/rotation), batch size (16), and number of epochs (50). For
transformer-based models (ViT, Swin-Tiny, CoAtNet), AdamW with weight decay was
used, while CNN models used Adam. The initial learning rate was tuned on the validation
set within {1× 10−4, 3× 10−4, 1× 10−3}, and the best validation checkpoint was selected
for reporting.

4.1.2. Dataset

Our network is trained and evaluated on three main datasets: BreakHis [27], containing
7909 breast cancer histopathology images (2480 benign and 5429 malignant) at 40×, 100×,
200×, and 400× magnifications, each 700 × 460 pixels; Mini-DDSM [28], a reduced version
of DDSM with approximately 2000 annotated mammography images detailing lesion
locations and diagnoses; and BACH from ICIAR2018 [29], with 400 HE-stained images in
four categories (Normal, Benign, In-situ carcinoma, Invasive carcinoma), each 2048 × 1536
pixels. Figures 4–6 depict sample images from the BreakHis, Mini-DDSM, and ICIAR2018
datasets. Tables 1–3 also present statistical data for these datasets, including sample sizes
and class distributions.
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40x 100x

200x 400x
Figure 4. Images of Breast Cancer Histopathology from the BreakHis Dataset at Four Magnifications.

Normal Benign

Malignant

Figure 5. Images of Breast Cancer Histopathology from the Mini-DDSM Dataset.

Normal Benign

InSitu Invasive
Figure 6. Images of Breast Cancer Histopathology from the ICIAR2018 Dataset.

Table 1. BreakHis dataset: class distribution and a priori probabilities across magnification factors.

Class
Magnification Factor (No. of Images) A Priori Probability (%)

40× 100× 200× 400× 40× 100× 200× 400×

Benign 625 644 623 588 31.32 30.94 30.95 32.31
Malignant 1370 1437 1390 1232 68.68 69.06 69.05 67.69

Total No. of Images 1995 2081 2013 1820 – – – –

https://doi.org/10.3390/electronics15071487
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Table 2. Mini-DDSM dataset: class distribution and a priori probabilities.

Category Number of Images Image Size/Format A Priori Probability (%)

Normal Images 500 Variable 25.00
Benign Images 700 Variable 35.00
Malignant Images 800 Variable 40.00

Total Images 2000 Variable –

Table 3. ICIAR2018 dataset: class distribution and a priori probabilities.

Category Number of Images Image Size Prob. (%)

Normal 100 2048× 1536 25.00
Benign 100 2048× 1536 25.00
In-situ carcinoma 100 2048× 1536 25.00
Invasive carcinoma 100 2048× 1536 25.00

Total 400 – –

4.1.3. Performance Analysis

We evaluated the proposed GAFR-Net against representative state-of-the-art baselines
(from ResNet50 to recent 2024–2025 models) on three public datasets: BreakHis, Mini-
DDSM, and ICIAR2018. The quantitative comparisons in Tables 4–6 show that GAFR-
Net consistently achieves the best or highly competitive results across different metrics
and settings.

On BreakHis, GAFR-Net exhibits strong multi-scale robustness across magnifica-
tions. It attains an AUC-ROC of 0.9387± 0.0061 at 40× and reaches 0.9641± 0.0055 at
100×, with consistent performance at higher magnifications (0.9528± 0.0026 at 200× and
0.8945± 0.0243 at 400×).

Compared to general-purpose feature discovery or metric learning methods mentioned
in recent literature [9–11], GAFR-Net’s integration of topological priors and fuzzy reasoning
provides a more stable optimization path for sparse medical data. The superior performance
observed in Tables 4 and 5 validates that our domain-specific gating mechanism, which
mirrors the heuristic reasoning of experts, is more effective for histopathology classification
than general multi-scale or polarization-based strategies.

From a clinical perspective, Table 6 further reports Sensitivity (Sens.) and Specificity
(Spec.). GAFR-Net maintains high sensitivity to reduce missed diagnoses while preserving
strong specificity to limit false alarms, achieving a peak sensitivity of 95.32% at both 100×
and 200×magnifications.

For the multi-class settings, GAFR-Net also generalizes well. On Mini-DDSM
(three-class) and ICIAR2018 (four-class), it achieves AUC-ROC values of 0.8492± 0.0084
and 0.8924± 0.0118, respectively, and attains the highest Balanced Accuracy (0.8012± 0.0143)
and F1-score (0.7033± 0.0255) on ICIAR2018.

We further analyze the similarity threshold τ (Figure 2). Performance follows a stable
bell-shaped trend, with τ = 0.75 providing the best trade-off between graph sparsity and
informative relational modeling; overly small or large τ values degrade performance by
introducing noisy edges or removing useful connections. Robustness evaluations under
simulated perturbations indicate that GAFR-Net remains stable under realistic noise.

Finally, Table 7 summarizes key hyperparameters for reproducibility, and Table 8
reports performance under different label percentages, showing that GAFR-Net retains
strong performance even with limited supervision.
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Table 4. Quantitative Performance Comparison of GAFR-Net Against Representative State-of-the-Art Methods on the BreakHis Dataset (Two-Class Classification)
Across Four Magnification Factors.

Network Models
40×Magnification 100×Magnification

AUC-ROC B-Acc F1 Score Kappa AUC-ROC B-Acc F1 Score Kappa

ResNet50 [30] 0.8425 ± 0.0152 0.7612 ± 0.0180 0.7235 ± 0.0210 0.4950 ± 0.0255 0.8610 ± 0.0125 0.7840 ± 0.0145 0.7488 ± 0.0162 0.5120 ± 0.0233
GCN [31] 0.8510 ± 0.0188 0.7422 ± 0.0205 0.6912 ± 0.0195 0.4633 ± 0.0310 0.8545 ± 0.0170 0.7588 ± 0.0166 0.7122 ± 0.0188 0.4850 ± 0.0295
ViT [32] 0.8955 ± 0.0105 0.8210 ± 0.0215 0.8044 ± 0.0166 0.6215 ± 0.0188 0.9012 ± 0.0135 0.8345 ± 0.0144 0.8255 ± 0.0155 0.6410 ± 0.0205
Swin-Tiny [33] 0.9125 ± 0.0088 0.8433 ± 0.0140 0.8510 ± 0.0122 0.6685 ± 0.0155 0.9322 ± 0.0092 0.8610 ± 0.0105 0.8845 ± 0.0115 0.7122 ± 0.0185
CoAtNet [34] 0.9210 ± 0.0065 0.8655 ± 0.0098 0.8722 ± 0.0085 0.6845 ± 0.0125 0.9415 ± 0.0075 0.8712 ± 0.0088 0.8933 ± 0.0090 0.7510 ± 0.0166
ConvNeXt-Tiny [35] 0.9044 ± 0.0095 0.8312 ± 0.0115 0.8255 ± 0.0133 0.6420 ± 0.0210 0.9188 ± 0.0085 0.8425 ± 0.0125 0.8512 ± 0.0140 0.6844 ± 0.0195
GAT [36] 0.8962 ± 0.0092 0.8122 ± 0.0088 0.7355 ± 0.0145 0.6388 ± 0.0125 0.9112 ± 0.0085 0.8268 ± 0.0112 0.7822 ± 0.0133 0.6515 ± 0.0198
PFE-INC-RES [6] 0.9285 ± 0.0055 0.8744 ± 0.0090 0.8812 ± 0.0075 0.6995 ± 0.0110 0.9510 ± 0.0062 0.8790 ± 0.0088 0.9025 ± 0.0095 0.7812 ± 0.0155
HoRFNet [7] 0.9344 ± 0.0048 0.8810 ± 0.0085 0.8955 ± 0.0066 0.7045 ± 0.0120 0.9602 ± 0.0044 0.8815 ± 0.0075 0.9144 ± 0.0082 0.7966 ± 0.0135
CellSage [15] 0.9315 ± 0.0051 0.8788 ± 0.0077 0.8912 ± 0.0080 0.7022 ± 0.0105 0.9566 ± 0.0050 0.8805 ± 0.0082 0.9088 ± 0.0091 0.7895 ± 0.0140
GAFR-Net (Ours) 0.9387 ± 0.0061 † 0.8925 ± 0.0104 † 0.9033 ± 0.0145 † 0.7112 ± 0.0187 † 0.9641 ± 0.0055 † 0.8851 ± 0.0131 † 0.9210 ± 0.0140 † 0.8054 ± 0.0201 †

Network Models
200×Magnification 400×Magnification

AUC-ROC B-Acc F1 Score Kappa AUC-ROC B-Acc F1 Score Kappa

ResNet50 [30] 0.8724 ± 0.0130 0.7955 ± 0.0160 0.7588 ± 0.0185 0.5285 ± 0.0210 0.8210 ± 0.0250 0.7145 ± 0.0310 0.6850 ± 0.0350 0.4312 ± 0.0450
GCN [31] 0.8815 ± 0.0150 0.7812 ± 0.0190 0.7420 ± 0.0220 0.5120 ± 0.0280 0.8145 ± 0.0280 0.7020 ± 0.0340 0.6612 ± 0.0390 0.4050 ± 0.0480
ViT [32] 0.9125 ± 0.0095 0.8415 ± 0.0180 0.8250 ± 0.0140 0.6840 ± 0.0160 0.8540 ± 0.0210 0.7650 ± 0.0280 0.7820 ± 0.0240 0.5820 ± 0.0350
Swin-Tiny [33] 0.9312 ± 0.0070 0.8650 ± 0.0120 0.8920 ± 0.0100 0.7410 ± 0.0130 0.8710 ± 0.0180 0.7920 ± 0.0250 0.8215 ± 0.0190 0.6210 ± 0.0320
CoAtNet [34] 0.9420 ± 0.0055 0.8780 ± 0.0080 0.9125 ± 0.0075 0.7620 ± 0.0110 0.8842 ± 0.0150 0.8050 ± 0.0220 0.8430 ± 0.0160 0.6540 ± 0.0280
ConvNeXt-Tiny [35] 0.9250 ± 0.0080 0.8540 ± 0.0105 0.8640 ± 0.0120 0.7120 ± 0.0180 0.8615 ± 0.0200 0.7780 ± 0.0270 0.8015 ± 0.0230 0.6015 ± 0.0310
GAT [36] 0.9215 ± 0.0075 0.8420 ± 0.0095 0.8145 ± 0.0130 0.7015 ± 0.0150 0.8580 ± 0.0190 0.7615 ± 0.0260 0.7725 ± 0.0220 0.5920 ± 0.0290
PFE-INC-RES [6] 0.9455 ± 0.0045 0.8840 ± 0.0075 0.9210 ± 0.0060 0.7710 ± 0.0105 0.8912 ± 0.0125 0.8125 ± 0.0190 0.8612 ± 0.0145 0.6810 ± 0.0250
HoRFNet [7] 0.9488 ± 0.0035 0.8875 ± 0.0065 0.9215 ± 0.0055 0.7720 ± 0.0115 0.8824 ± 0.0315 0.8012 ± 0.0485 0.8545 ± 0.0215 0.6544 ± 0.0750
CellSage [15] 0.9442 ± 0.0040 0.8860 ± 0.0070 0.9166 ± 0.0065 0.7685 ± 0.0120 0.8780 ± 0.0350 0.7995 ± 0.0510 0.8490 ± 0.0250 0.6420 ± 0.0820
GAFR-Net (Ours) 0.9528 ± 0.0026 † 0.8935 ± 0.0084 † 0.9339 ± 0.0039 † 0.7802 ± 0.0141 † 0.8945 ± 0.0243 † 0.8263 ± 0.0461 † 0.8805 ± 0.0120 † 0.6985 ± 0.0796 †

Note: † indicates a statistically significant improvement of GAFR-Net over the corresponding baseline (paired t-test, p < 0.05).

https://doi.org/10.3390/electronics15071487

https://doi.org/10.3390/electronics15071487


Electronics 2026, 15, 1487 13 of 23

Table 5. Performance Comparison of GAFR-Net with Representative Methods on Mini-DDSM Dataset (Three-Class Classification) and ICIAR2018 Dataset
(Four-Class Classification).

Network Models
Mini-DDSM Dataset (Three-Class) ICIAR2018 Dataset (Four-Class)

AUC-ROC Balanced Accuracy F1 Score Kappa AUC-ROC Balanced Accuracy F1 Score Kappa

ResNet50 [30] 0.7245 ± 0.0182 0.6312 ± 0.0155 0.4850 ± 0.0210 0.2544 ± 0.0321 0.6822 ± 0.0214 0.6015 ± 0.0255 0.4210 ± 0.0310 0.2245 ± 0.0412
GCN [31] 0.7915 ± 0.0125 0.7012 ± 0.0144 0.5844 ± 0.0166 0.3855 ± 0.0210 0.7488 ± 0.0155 0.6650 ± 0.0188 0.5122 ± 0.0233 0.3210 ± 0.0315
ViT [32] 0.7447 ± 0.0115 0.6702 ± 0.0228 0.5251 ± 0.0412 0.3217 ± 0.0466 0.7721 ± 0.0060 0.6896 ± 0.0216 0.5044 ± 0.0406 0.3792 ± 0.0431
Swin-Tiny [33] 0.8125 ± 0.0110 0.7255 ± 0.0166 0.6210 ± 0.0155 0.4412 ± 0.0233 0.8245 ± 0.0135 0.7312 ± 0.0144 0.6055 ± 0.0188 0.4610 ± 0.0212
CoAtNet [34] 0.8168 ± 0.0089 0.7323 ± 0.0076 0.6432 ± 0.0121 0.4542 ± 0.0160 0.8290 ± 0.0112 0.7388 ± 0.0133 0.6188 ± 0.0145 0.4820 ± 0.0195
GAT [36] 0.8122 ± 0.0098 0.7355 ± 0.0112 0.6388 ± 0.0145 0.4812 ± 0.0188 0.8412 ± 0.0125 0.7622 ± 0.0166 0.6488 ± 0.0210 0.5115 ± 0.0298
PFE-INC-RES [6] 0.8290 ± 0.0062 0.7485 ± 0.0095 0.6510 ± 0.0110 0.4912 ± 0.0185 0.8655 ± 0.0085 0.7788 ± 0.0115 0.6725 ± 0.0133 0.5845 ± 0.0225
HoRFNet [7] 0.8388 ± 0.0055 0.7610 ± 0.0082 0.6695 ± 0.0091 0.5122 ± 0.0155 0.8812 ± 0.0077 0.7915 ± 0.0090 0.6912 ± 0.0105 0.6312 ± 0.0188
CellSage [15] 0.8325 ± 0.0075 0.7550 ± 0.0110 0.6622 ± 0.0125 0.5015 ± 0.0210 0.8755 ± 0.0092 0.7855 ± 0.0122 0.6844 ± 0.0140 0.6120 ± 0.0235
GAFR-Net (Ours) 0.8492 ± 0.0084 † 0.7831 ± 0.0152 † 0.6855 ± 0.0210 † 0.6812 ± 0.0347 † 0.8924 ± 0.0118 † 0.8012 ± 0.0143 † 0.7033 ± 0.0255 † 0.6920 ± 0.0286 †

Note: † indicates a statistically significant improvement of GAFR-Net over the corresponding baseline (paired t-test, p < 0.05).

Table 6. Comprehensive Clinical Performance Comparison (Sensitivity and Specificity) Across Benchmarks on Three Datasets.

Network Models
BreakHis 40× BreakHis 100× BreakHis 200× BreakHis 400× Mini-DDSM (3-Cls) ICIAR2018 (4-Cls)

Sens. Spec. Sens. Spec. Sens. Spec. Sens. Spec. Sens. Spec. Sens. Spec.

ResNet50 [28] 74.12 78.12 76.20 80.60 78.35 81.12 72.15 75.40 61.20 65.04 58.45 61.85
GCN [29] 72.55 75.89 73.80 77.96 75.44 78.20 70.12 73.85 68.45 71.79 65.15 67.85
ViT [30] 80.45 83.75 82.50 84.40 84.12 85.55 78.30 81.15 65.20 68.84 67.55 70.37
Swin-Tiny [31] 83.10 85.56 85.20 87.00 87.45 88.10 81.20 83.45 71.25 73.85 72.15 74.09
CoAtNet [32] 85.40 87.70 86.44 87.80 88.12 89.05 83.50 84.22 72.40 74.06 73.12 74.64
ConvNeXt-Tiny [33] 81.55 84.69 83.10 85.40 84.22 86.15 79.15 81.80 71.85 74.20 72.50 74.80
GAT [34] 80.12 82.32 81.50 83.86 82.45 84.10 77.20 79.44 72.10 75.00 75.30 77.14
PFE-INC-RES [35] 86.12 88.76 87.05 88.75 89.10 90.15 84.20 86.12 73.55 76.15 77.05 78.71
HoRFNet [36] 87.15 89.05 87.50 88.80 89.45 90.30 84.88 86.55 74.80 77.40 78.20 80.10
CellSage [6] 86.95 88.81 87.25 88.85 89.20 90.12 84.15 86.30 74.15 76.85 77.60 79.50

GAFR-Net (Ours) 91.24 † 89.86 † 95.32 † 89.15 † 95.32 † 83.15 † 81.36 † 80.24 † 78.42 † 79.88 † 80.24 † 81.36 †

Note: † indicates a statistically significant improvement of GAFR-Net over the corresponding baseline (paired t-test, p < 0.05).
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Table 7. Summary of Hyperparameters for GAT Layers and Fuzzy Rules.

Hyperparameter Description Value

GAT Number of Heads Number of attention heads in GAT layers 4
GAT Learning Rate Learning rate for GAT layers 0.001
Fuzzy Rule Weight (αk) Weighting factor for fuzzy rule activa-

tions
0.5

Fuzzy Membership Function Type of membership function used in
fuzzy reasoning

Gaussian

Fuzzy Function Width (σ) Standard deviation of the Gaussian
function

1.0

Similarity Threshold (τ) Threshold controlling graph edge for-
mation

0.75

Table 8. Performance Comparison under Different Label Percentages.

Label Percentage AUC-ROC F1-Score Sensitivity (%) Specificity (%) Kappa

10% 0.8423 ± 0.0045 0.7895 ± 0.0156 84.92 ± 1.12 80.50 ± 1.08 0.7623 ± 0.0212

20% 0.8957 ± 0.0032 0.8123 ± 0.0132 88.14 ± 1.05 83.61 ± 0.98 0.8021 ± 0.0179

50% 0.9256 ± 0.0027 0.8432 ± 0.0119 91.38 ± 0.89 87.45 ± 0.90 0.8554 ± 0.0157

100% 0.9573 ± 0.0019 0.8769 ± 0.0087 94.24 ± 0.65 91.18 ± 0.75 0.9122 ± 0.0105

4.2. Ablation Study

To investigate the individual contributions of the multi-head graph attention (G) and
the trainable fuzzy-rule reasoning (FR) modules, we conducted comprehensive ablation
experiments across the BreakHis, Mini-DDSM, and ICIAR2018 datasets. As summarized
in Table 9, the full GAFR-Net consistently outperforms all its variants—GAFR-Net w/o
G (without graph attention), GAFR-Net w/o A (without attention mechanisms), and
GAFR-Net w/o FR—across all magnification factors.

Specifically, on the BreakHis dataset at 200×magnification, the full GAFR-Net achieves
a peak AUC-ROC of 0.9528± 0.0026, representing a clear improvement over the GAFR-Net
w/o FR variant (0.9430± 0.0027). At the more challenging 400×magnification, the impact
of the FR module is even more pronounced, with the Cohen’s Kappa score increasing
significantly from 0.5355± 0.0982 to 0.6985± 0.0796. Furthermore, the full model maintains
superior clinical reliability, achieving a Sensitivity of 95.32%± 0.74% at 200×magnification.
These results underline the robustness of encoding topological descriptors—such as node
degree and clustering coefficient—into explicit diagnostic rules, which are essential for
handling complex tissue structures.

This performance advantage is further confirmed in multi-class scenarios as shown in
Tables 9 and 10. In the Mini-DDSM three-class task, GAFR-Net improves the AUC-ROC
to 0.8492± 0.0084 and the Kappa score to 0.6812± 0.0347. Similarly, in the ICIAR2018
four-class task, the full model attains a superior F1-score of 0.7033± 0.0255 and a Kappa of
0.6920± 0.0286, alongside a high Specificity of 81.36%± 1.60%. These findings validate the
efficacy of the synergistic integration between structural graph attention and differentiable
fuzzy logic. This synergy not only provides a transparent reasoning path but also effectively
addresses the inherent interpretability limitations of pure graph-based architectures by
capturing complex inter-dependencies under limited annotation scenarios.
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Table 9. Ablation Experiment: Performance Comparison of GAFR-Net and its variants on BreakHis Dataset across different magnifications.

Network Models
40× 100×

AUC-ROC B-Acc F1 Kappa Sens.(%) Spec.(%) AUC-ROC B-Acc F1 Kappa Sens.(%) Spec.(%)

GAFR-Net w/o G 0.8921 ± 0.0125 0.8312 ± 0.0140 0.8745 ± 0.0135 0.6520 ± 0.0210 84.12±1.15 82.10±1.05 0.9012 ± 0.0110 0.8422 ± 0.0155 0.8850 ± 0.0120 0.6815 ± 0.0235 85.30 ± 1.00 83.15 ± 1.10
GAFR-Net w/o A 0.9055 ± 0.0105 0.8430 ± 0.0115 0.8824 ± 0.0110 0.6788 ± 0.0195 85.50±1.00 83.45 ± 0.95 0.9145 ± 0.0095 0.8540 ± 0.0130 0.9012 ± 0.0105 0.7022 ± 0.0215 86.42 ± 0.85 84.50 ± 0.90
GAFR-Net w/o FR 0.9143 ± 0.0078 0.8564 ± 0.0073 0.8990 ± 0.0079 0.6942 ± 0.0171 86.84 ± 1.10 84.22 ± 1.05 0.9315 ± 0.0033 0.8686 ± 0.0171 0.9189 ± 0.0049 0.7372 ± 0.0229 87.54 ± 0.95 86.18 ± 1.35
GAFR-Net (Ours) 0.9387± 0.0061 † 0.8925± 0.0104 † 0.9033± 0.0145 † 0.7112± 0.0187 † 91.24± 0.88 † 89.86± 0.92 † 0.9641± 0.0055 † 0.8851± 0.0131 † 0.9210± 0.0140 † 0.8054± 0.0201 † 95.32± 0.74 † 89.15± 1.20 †

Network Models
200× 400×

AUC-ROC B-Acc F1 Kappa Sens.(%) Spec.(%) AUC-ROC B-Acc F1 Kappa Sens.(%) Spec.(%)

GAFR-Net w/o G 0.9210 ± 0.0095 0.8510 ± 0.0110 0.9112 ± 0.0105 0.7410 ± 0.0185 86.20±1.10 84.15 ± 1.20 0.8315 ± 0.0515 0.7245 ± 0.0620 0.8120 ± 0.0410 0.4850 ± 0.1050 74.30 ± 1.85 71.50 ± 2.10
GAFR-Net w/o A 0.9325 ± 0.0075 0.8645 ± 0.0090 0.9240 ± 0.0085 0.7588 ± 0.0160 87.45±0.95 85.30±1.10 0.8540 ± 0.0495 0.7450 ± 0.0595 0.8355 ± 0.0355 0.5122 ± 0.0995 76.55 ± 1.70 73.12 ± 1.90
GAFR-Net w/o FR 0.9430 ± 0.0027 0.8786 ± 0.0049 0.9313 ± 0.0026 0.7711 ± 0.0090 90.15±0.95 81.20±1.35 0.8702 ± 0.0482 0.7678 ± 0.0581 0.8519 ± 0.0278 0.5355 ± 0.0982 79.88±1.80 74.22±1.80
GAFR-Net (Ours) 0.9528± .0026 † 0.8935± 0.0084 † 0.9339± 0.0039 † 0.7802± .0141 † 95.32± 0.74 † 83.15± 1.20 † 0.8945± 0.0243 † 0.8263± 0.0461 † 0.8805± 0.0120 † 0.6985± 0.0796 † 81.36± 1.60 † 80.24± 1.45 †

Note: † indicates a statistically significant improvement of GAFR-Net over all variants (paired t-test, p < 0.05).

Table 10. Ablation Experiment: Performance Comparison of GAFR-Net and its variants on Mini-DDSM and ICIAR2018 Datasets.

Network Models
Mini-DDSM Dataset (Three-Class) ICIAR2018 Dataset (Four-Class)

AUC-ROC B-Acc F1 Kappa Sens.(%) Spec.(%) AUC-ROC B-Acc F1 Kappa Sens.(%) Spec.(%)

GAFR-Net w/o G 0.7420 ± 0.0215 0.6515 ± 0.0195 0.5420 ± 0.0205 0.3215 ± 0.0385 64.20±1.85 62.50 ± 1.75 0.7815 ± 0.0310 0.6840 ± 0.0415 0.5512 ± 0.0550 0.4120 ± 0.0785 67.45 ± 2.45 68.10 ± 2.35
GAFR-Net w/o A 0.7635 ± 0.0190 0.6780 ± 0.0175 0.5745 ± 0.0175 0.3540 ± 0.0320 68.55 ± 1.65 65.20 ± 1.55 0.8012 ± 0.0285 0.7125 ± 0.0380 0.5840 ± 0.0515 0.4435 ± 0.0710 71.55 ± 2.20 71.35 ± 2.15
GAFR-Net w/o FR 0.7820 ± 0.0173 0.6999 ± 0.0140 0.5972 ± 0.0137 0.3886 ± 0.0266 71.50 ± 1.45 73.68 ± 1.20 0.8279 ± 0.0237 0.7375 ± 0.0325 0.6080 ± 0.0476 0.4750 ± 0.0651 74.22 ± 1.80 76.54 ± 1.90
GAFR-Net (Ours) 0.8492± 0.0084 † 0.7831± 0.0152 † 0.6855± 0.0210 † 0.6812± 0.0347 † 78.42± 1.15 † 79.88± 1.30 † 0.8924± 0.0118 † 0.8012± 0.0143 † 0.7033± 0.0255 † 0.6920± 0.0286 † 80.24± 1.45 † 81.36± 1.60 †

Note: † indicates a statistically significant improvement of GAFR-Net over all variants (paired t-test, p < 0.05).
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5. Discussion
The proposed GAFR-Net introduces an interpretable graph-based framework for

breast cancer histopathology classification by combining relational representation learning
with explicit reasoning. Through similarity-driven graph construction, the model allevi-
ates the limitations of conventional CNNs in capturing global topological dependencies
across heterogeneous tissue structures. Experimental results on three public benchmark
datasets—BreakHis, Mini-DDSM, and ICIAR2018—demonstrate that GAFR-Net consis-
tently outperforms state-of-the-art methods, including high-order convolutional networks
such as HoRFNet and representative graph-based approaches like CellSage. These results
indicate the robustness and generalization capability of the proposed framework under
limited annotation scenarios.

We also acknowledge that class imbalance in the datasets can affect model performance.
In the following sections, we analyze its impact on GAFR-Net’s predictions and discuss
strategies to mitigate it.

For a more comprehensive clinical perspective, Table 11 reports the overall Sensitivity
and Specificity of representative baselines and GAFR-Net across all three datasets. This
consolidated comparison highlights that GAFR-Net maintains strong diagnostic reliabil-
ity across different imaging modalities and class settings, supporting its potential as a
dependable clinical decision-support tool.

A key advantage of GAFR-Net is the integration of multi-head graph attention with a
differentiable fuzzy-rule reasoning module. In contrast to post-hoc explanation techniques
(e.g., Grad-CAM), which approximate model behavior after prediction, GAFR-Net incorpo-
rates interpretability directly into the decision-making process. By mapping topology-aware
descriptors—including node degree, clustering coefficient, and label consistency—into
explicit “IF–THEN” rules, the model provides transparent reasoning paths that align with
the heuristic diagnostic process of clinical pathologists. For example, the combination of
high node degree and strong label agreement naturally corresponds to a high-confidence
prediction, offering an intuitive explanation for the model’s output.

Table 11. Computational Complexity Analysis of GAFR-Net and Comparison Models (Measured on
NVIDIA T4 GPU).

Network Models Params (M) FLOPs (G) Inference Time (ms/img)

ResNet50 [30] 25.56 4.12 12.4
GCN [31] 0.85 0.12 5.8
ViT [32] 86.10 17.50 22.5
Swin-Tiny [33] 28.29 4.50 15.8
CoAtNet [34] 32.15 5.12 18.2
ConvNeXt-Tiny [35] 28.50 4.46 14.9
GAT [36] 1.20 0.25 8.4
PFE-INC-RES [6] 34.12 6.20 20.5
HoRFNet [7] 29.85 5.85 19.4
CellSage [15] 12.45 2.15 16.5
GAFR-Net (Ours) 26.42 4.35 14.2

5.1. Qualitative Case Study: Expert-Logic Alignment

To further validate the clinical validity of GAFR-Net’s fuzzy rules, we present a
qualitative case study that aligns the model’s reasoning with clinical decision-making
processes. As illustrated in Table 12, we demonstrate how GAFR-Net’s “IF-THEN” rules
closely resemble the heuristic reasoning used by clinical pathologists. Specifically, we focus
on a sample case where the model activates a specific rule, denoted as R1: “IF node degree is
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HIGH (0.85) AND label agreement is STRONG (0.90), THEN the region is MALIGNANT”.
This mimics the clinical pathologist’s process of assessing tissue heterogeneity, where dense,
highly interconnected cellular structures often signal a high probability of malignancy.
These rule-based outputs offer a human-understandable pathway between graph topology
and diagnostic predictions, thereby facilitating a trustworthy decision support system that
mirrors expert reasoning.

Table 12. Expert Logic Alignment: Correlation between GAFR-Net Topological Descriptors and
Clinical Diagnostic Criteria.

Descriptor Fuzzy Rule Logic (IF-THEN) Clinical/Pathological Reasoning Reference

Node Degree
IF node degree is HIGH,
THEN the sample belongs to a
high-confidence cluster [37].

Malignant cells often exhibit infiltrative
growth, forming dense cellular
aggregates with high local
similarity [38].

WHO

Clustering Coeff.

IF clustering is HIGH, THEN
the sample exhibits “high
cliquishness” in a coherent
neighborhood [39].

Pathologists assess tissue homogeneity;
lesions often present as locally consistent
clusters [40].

Sternberg

Label Agreement

IF label consistency is
STRONG, THEN diagnostic
confidence is high for the
region [41,42].

The principle of “regional continuity”
suggests adjacent tissue sections share
the same pathological nature [43].

Nature Med.

For example, in clinical practice, a high node degree in our similarity-driven graph
often corresponds to dense tissue areas with shared semantic features, which are frequently
indicative of malignant growth patterns. Similarly, strong label consistency across neigh-
boring nodes (high L(u)) further strengthens the diagnostic confidence by confirming a
locally coherent malignant cluster. The alignment of GAFR-Net’s reasoning with estab-
lished clinical practices underscores the model’s potential for real-world application, as
pathologists can trace the same logic paths used by the model to verify its predictions,
ensuring accountability in the diagnostic workflow.

5.2. Error Analysis and Impact of Class Imbalance

To directly address the influence of class imbalance on GAFR-Net’s performance, we
conducted a systematic analysis of false positive (FP) and false negative (FN) cases across all
datasets, with particular attention to their relationship with fuzzy rule activation patterns.
This analysis reveals several important insights into how imbalanced data distributions
affect the model’s reasoning process.

False positive cases—where benign samples are misclassified as malignant—frequently
occur when benign tissues exhibit atypical morphological characteristics that inadvertently
activate malignancy-associated fuzzy rules. For instance, in the BreakHis dataset, certain
benign fibroadenomas with high cellular density are represented as densely connected
nodes in the similarity graph (high node degree d(u)), triggering the rule: “IF node degree
is HIGH AND label agreement is STRONG, THEN sample is MALIGNANT”. Although
these samples are benign, their topological features resemble those of malignant samples,
leading to erroneous rule activation. This phenomenon is consistent with observations by
Montaha et al. [44], who noted that dense benign structures can mimic malignant patterns
in graph-based representations.

Conversely, false negative cases—where malignant samples are misclassified as be-
nign—typically occur for rare or atypical malignant subtypes located in sparsely connected
regions of the graph. These samples exhibit low node degree d(u) and weak label con-
sistency L(u), failing to meet the activation thresholds for malignancy-associated rules.
This pattern is particularly pronounced for rare pathological subtypes, which are inher-
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ently underrepresented in the training data and thus form sparse neighborhoods in the
similarity graph.

The inherent class imbalance in datasets such as BreakHis—where malignant sam-
ples significantly outnumber benign ones (approximately 2:1 ratio)—poses fundamental
challenges for fuzzy rule learning. As systematically analyzed by Krawczyk et al. [8]
in their comprehensive review of fuzzy rule-based classification systems for imbalanced
data, conventional fuzzy rule learning tends to produce rules biased toward majority
classes. This bias manifests in two ways: (1) majority class rules receive higher activation
weights (αk) during training, and (2) the membership functions µk(·) for majority class
descriptors become overly broad, increasing the risk of false positives. In GAFR-Net, we
observe that rules associated with malignant samples consistently achieve higher average
weights (αk ≈ 0.73) compared to benign-associated rules (αk ≈ 0.41), confirming this
bias phenomenon.

The impact on rare subtype classification is particularly concerning from a clinical
perspective. In the ICIAR2018 four-class task, although the dataset is artificially balanced
for evaluation purposes, the underlying clinical reality is that certain subtypes (e.g., specific
in-situ carcinoma variants) are inherently rare. Rasool et al. [20] emphasized that class im-
balance not only affects deep feature learning but also significantly impacts rule extraction
in interpretable models, as uneven sample distribution leads to imbalanced rule coverage.
Our analysis confirms that rare subtypes tend to be represented by fewer and weaker rules,
making them more susceptible to misclassification when their topological features deviate
from typical patterns.

To quantify this effect, we analyzed the impact of class imbalance on per-class recall
rates for minority subtypes. These findings underscore that while GAFR-Net’s fuzzy
reasoning aligns well with expert logic, the bias introduced by imbalanced data distribution
must be carefully managed through targeted interventions. For instance, in the BreakHis
dataset, minority (benign) samples achieved a recall of 92.3%, compared to 96.1% for
majority (malignant) samples, illustrating the moderate impact of class imbalance.

Addressing these class imbalance challenges requires a multi-faceted approach. Fu-
ture work will explore several complementary strategies: (1) incorporating cost-sensitive
learning mechanisms that assign higher penalties to minority class misclassifications dur-
ing fuzzy rule optimization; (2) implementing class-centric polarization strategies [9] to
enhance the separation between majority and minority class representations in the topolog-
ical feature space; (3) applying synthetic oversampling techniques specifically designed
for graph-structured data to balance the neighborhood distributions of rare subtypes;
and (4) developing adaptive rule weighting mechanisms that dynamically adjust rule
importance based on class distribution during training. As suggested by Araf et al. [45],
such cost-sensitive approaches can significantly improve model robustness under extreme
imbalance scenarios while preserving interpretability.

Overall, while GAFR-Net demonstrates robust performance under moderate class
imbalance, these findings motivate the integration of targeted strategies—such as cost-
sensitive learning, minority-class oversampling, and adaptive rule weighting—to further
improve the predictive reliability for underrepresented subtypes (see Table 13).
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Table 13. Per-class performance of GAFR-Net on the BreakHis dataset (40×magnification), highlight-
ing minority (benign) and majority (malignant) class metrics.

Class No. of Samples Recall (%) F1 Score Notes

Benign (Minority) 625–644 92.3 0.88 Underrepresented class
Malignant (Majority) 1370–1437 96.1 0.91 Overrepresented class

Minority (benign) samples show slightly lower recall and F1 than majority (malignant) samples, highlighting
class imbalance and motivating strategies such as cost-sensitive learning and minority-class oversampling.

5.3. Limitations and Future Work: Expert Validation

While the qualitative case study provides an initial validation of GAFR-Net’s reason-
ing, we acknowledge several limitations that need to be addressed in future work. One
key limitation is the dependency on the availability of well-annotated datasets, which
may impact the model’s ability to generalize across larger, more complex datasets. The
performance of the model may be compromised when confronted with data that is highly
heterogeneous, unbalanced, or incomplete. Moreover, while the model performs well on
the benchmark datasets, its real-world applicability in clinical settings, where data can
be noisy or scarce, requires further validation. Therefore, larger-scale clinical trials and a
more diverse set of medical imaging data are needed to ensure the robustness of GAFR-Net
across different patient populations and medical conditions.

Furthermore, the computational cost associated with graph construction, especially
for large-scale whole slide images (WSIs), remains a practical limitation. The need for
significant computational resources limits the scalability of the model in clinical environ-
ments with large datasets. Future work will focus on model compression, quantization,
and techniques for reducing the computational overhead while preserving model perfor-
mance. Another avenue for improvement involves enhancing the model’s ability to handle
multimodal data, enabling it to integrate information from different imaging sources, such
as mammography, MRI, and ultrasound, to improve diagnostic accuracy and robustness.

5.4. Future Research Directions

Future work will address class imbalance through cost-sensitive learning, synthetic
oversampling on graph nodes, and adaptive fuzzy-rule weighting, aiming to further en-
hance minority class prediction performance while maintaining interpretability. In addition,
we plan to focus on cross-domain transferability to extend GAFR-Net’s applicability to
other types of medical imaging, such as lung cancer, skin cancer, and other histopatho-
logical applications, which will require refining the model’s ability to generalize across
different data sources while addressing domain-specific challenges such as image quality
variations and ensuring consistent performance.

We also recognize the importance of integrating human-in-the-loop validation, where
feedback from domain experts, including pathologists, radiologists, and clinicians, will be
crucial to further refine the model’s reasoning process. Collaborative efforts with clinical
professionals will ensure that the rules generated by GAFR-Net are aligned with expert
judgment, and that the model’s outputs are interpretable and actionable in real-world
clinical settings. This will also help identify areas where the model’s predictions may need
further fine-tuning or adjustments based on human expertise. Additionally, we plan to
include a quantitative interpretability metric to validate the effectiveness of the reasoning
process. A combination of human feedback and statistical validation will offer a more
comprehensive evaluation of the model’s interpretability.

Furthermore, we plan to explore the potential of incorporating rule learning or evo-
lutionary algorithms to discover novel, data-driven diagnostic patterns. These methods
could enhance the model’s ability to autonomously generate and refine diagnostic rules,
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thus providing more robust and adaptable diagnostic pathways. We aim to integrate such
approaches to advance GAFR-Net towards a more automated and data-driven model for
diagnostic decision-making.

Additionally, to further improve the model’s robustness, we plan to explore incorpo-
rating adaptive thresholding techniques or graph sparsification methods. These techniques
can help reduce the model’s reliance on manually set hyperparameters, especially the
similarity threshold τ, and enhance its scalability and performance across various datasets.

Moreover, as GAFR-Net moves toward broader clinical applicability, a critical consid-
eration is the scalability to large Whole Slide Images (WSIs). The computational overhead
associated with graph construction on large-scale WSIs remains a challenge. Future work
will focus on optimizing this process to improve efficiency and scalability while ensuring
robust performance on such datasets.

Finally, addressing the real-time application of GAFR-Net is an important area for
future development. Although the current model demonstrates favorable computational
efficiency, real-time analysis in clinical practice, especially in environments with limited
computing power, remains a challenge. Optimizing the model for faster inference times
without sacrificing accuracy will be crucial for its deployment in clinical decision sup-
port systems.

6. Conclusions
This paper presents GAFR-Net, a novel and interpretable framework that synergizes

multi-head graph attention mechanisms with trainable fuzzy-rule reasoning for breast can-
cer histopathology classification under limited annotation conditions [46]. By integrating
structural topological descriptors—specifically node degree, clustering coefficients, and
a differentiable fuzzy-rule layer—the proposed model effectively captures complex inter-
sample relational features while providing explicit, human-understandable diagnostic logic.
This architecture establishes a transparent reasoning path that aligns with the heuristic
deduction process employed by medical experts.

Extensive evaluations on the BreakHis, Mini-DDSM, and ICIAR2018 benchmark
datasets demonstrate that GAFR-Net consistently outperforms existing state-of-the-art
methods across various magnification factors and classification tasks, achieving superior
AUC-ROC, Balanced Accuracy, and F1-scores. Furthermore, ablation studies confirm
that the integration of topological cues into a rule-based reasoning module significantly
enhances model robustness and clinical interpretability [47]. These findings highlight the
potential of GAFR-Net as a reliable decision-support tool in real-world weakly supervised
medical image analysis [41,42,48–59]. Future research will focus on model compression for
lightweight deployment and exploring cross-domain transferability to broaden the clinical
applicability of the framework.
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