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Histopathology Images
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ABSTRACT Article information:
Breast cancer diagnosis from histopathology images is accurate but labor-
intensive and subject to interobserver variability. Deep learning has shown
strong performance on digital pathology benchmarks; however, limited
transparency, magni�cation variability, and patient-level data leakage can
reduce clinical trust and robustness. This paper proposes an explain-
able deep fusion framework for magni�cation-robust breast histopathology
classi�cation on the BreakHis dataset. In the experiments, all folds are
generated at the patient level, and model selection is performed in two
stages: �rst, single backbones and backbone-pair fusion models are com-
pared without attention; second, attention modules are evaluated on the
selected fusion pair. The results identify VGG16�ResNet18 fusion with-
out attention as the �nal con�guration, achieving an accuracy of 0.8890,
an F1-score of 0.8888, and an AUC of 0.9326 under mixed-magni�cation,
patient-level 5-fold cross-validation. Although the improvement over the
strongest single-backbone baseline is modest and not statistically signi�-
cant in the fold-level Wilcoxon test, an image-level discordant-case analysis
shows that the proposed fusion model corrects more E�cientNetV2 errors
than it introduces. To support transparency, Grad-CAM-based case anal-
ysis is used to examine corrected, newly misclassi�ed, and persistently
misclassi�ed examples, with LIME and SHAP retained as complementary
explanation tools when generated for selected cases. These results sug-
gest that feature-level fusion can provide useful gains for some di�cult
histopathology images while highlighting remaining limitations caused by
ambiguous tissue morphology, staining variation, magni�cation-dependent
texture changes, and attention to non-diagnostic regions.
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1. INTRODUCTION

Globally, breast cancer (BC) remains a leading
cause of cancer-related death and one of the most
prevalent cancers in women [1]. Recent estimates in-
dicate that 2.3 million new cases and 670,000 deaths
from female breast cancer occurred in 2022, with the
burden projected to increase substantially by 2050 [2,
3]. Because BC can develop silently in early stages,
delayed diagnosis is associated with worse outcomes,
indicating the importance of e�ective early detection

and reliable diagnostic support tools [2, 4].

Across the BC care pathway, multiple imaging
modalities are used [5]. While screening is primar-
ily performed using mammography, de�nitive diagno-
sis and tumor characterization rely on histopatholog-
ical examination of H&E-stained tissue, which guides
grading and treatment decisions [6]. With the adop-
tion of digital pathology and whole-slide imaging,
deep learning (DL) has achieved strong performance
on various pathology tasks; however, evidence synthe-
ses still report variability in study design, validation
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Fig.1: Exemplar BreakHis images at multiple magnification levels (40×, 100×, 200×, and 400×).

practices, and clinical translation [7].

Despite its central role, histopathology assessment
is time-consuming, labor-intensive, and subject to
inter-observer variability, particularly for subjective
tasks such as grading [8, 9]. Decision-support sys-
tems based on DL can improve efficiency and con-
sistency, but many high-performing models operate
as black boxes, limiting trust and hindering error
analysis in high-stakes settings [10, 11]. Explainable
AI (XAI) can mitigate these concerns by providing
human-interpretable evidence, and its design should
align with clinical workflows and user needs [12–14].

This study concentrates on breast histopathology
images and introduces an explainable deep fusion
model to improve classification accuracy and deci-
sion transparency. The proposed approach is eval-
uated on the BreakHis [15] benchmark dataset under
a magnification-robust setting, targeting stable per-
formance when magnification varies across samples
[16–18]. The primary contributions of this research
comprise (i) a two-stage framework that benchmarks
multiple CNN backbones and then fuses the most
effective candidates into a unified model, (ii) an
attention-guided fusion strategy that recalibrates and
combines complementary feature representations for
breast histopathology classification, (iii) an explain-
ability pipeline to help users validate model atten-
tion, recognize failure scenarios, and support human-
in-the-loop review [12, 13], and (iv) detailed reporting
of preprocessing, training configuration, and evalua-
tion metrics to facilitate reproducibility and fair com-
parison with prior work.

This study also narrows the research gap more
explicitly. Many BreakHis-based fusion models re-
port high aggregate accuracy, but their contribu-
tions are difficult to assess when patient-level split-
ting, backbone-pair selection, statistical testing, and
image-level error correction are not reported together.
Existing fusion designs are therefore insufficient for
explaining whether a small numerical gain repre-
sents a consistent improvement, a few changed predic-
tions, or possible split-related optimism. To address

this issue, the manuscript emphasizes patient-level
evaluation, backbone-pair ablation, attention abla-
tion, statistical testing, discordant-case analysis, and
explanation-guided review of difficult images.

2. RELATED WORK

This section summarizes prior work on BC clas-
sification, with an emphasis on histopathology im-
age analysis. We first review commonly used public
benchmarks for breast histopathology and motivate
our choice of datasets. We then discuss deep learning
approaches for histopathology classification, includ-
ing CNN backbones, transformer-based models, and
fusion/ensemble strategies. Next, we review mag-
nification variability as a robustness challenge and
outline evaluation practices for multi-magnification
learning. Finally, we summarize attention mecha-
nisms used in multi-branch fusion models and com-
mon XAI techniques that support interpretation and
error analysis in medical imaging.

2.1 Breast Histopathology Datasets

Several public datasets support benchmarking in
breast histopathology, spanning microscopy-image
classification and whole-slide image (WSI) analysis,
including BreakHis [15], BACH [19], CAME-LYON17
[20], and TUPAC16 [21].

BACH, released for the ICIAR 2018 challenge, pro-
vides a complementary microscopy benchmark for
four-class diagnosis. However, its microscopy images
are captured at a fixed magnification, and the dataset
size is small [19]. CAMELYON17 is primarily a WSI
benchmark focused on detecting lymph node metas-
tasis, where models typically learn from patches ex-
tracted from multi-resolution slide pyramids rather
than from images acquired at different optical mag-
nifications [20]. TUPAC16 also targets WSI-based
learning, focusing on tumor proliferation assessment
and mitosis-related tasks, and similarly relies on WSI
pipelines and patch aggregation [21].

BreakHis is a widely used microscopy benchmark
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Fig.2: General two-stream fusion architecture used for backbone-pair and attention ablation experiments.

explicitly designed for multi-magnification evalua-
tion. It contains 7,909 H&E-stained RGB biopsy im-
ages from 82 patients acquired at four magnifications
(40×, 100×, 200×, and 400×), with binary labels (be-
nign/malignant) and subtype annotations [15]. The
dataset includes 2,480 benign and 5,429 malignant
images, reflecting a moderate class imbalance. Be-
yond the binary label, BreakHis provides eight his-
tological subtypes: four benign and four malignant
[15]. Because the images are acquired at different op-
tical magnifications, the effective pixel size and the
appearance of nuclei, glands, and stromal structures
vary across 40×–400×. Fig. 1 illustrates these scale-
dependent changes, which motivate explicit robust-
ness analysis under magnification variability. A fur-
ther practical consideration is that multiple images
are available per patient, so patient-level splitting
is important to avoid leakage when forming cross-
validation folds.

In this work, we use BreakHis as our primary
benchmark for three concrete reasons: (i) it provides
an explicit multi-magnification acquisition setup
(40×–400×), which directly supports evaluating ro-
bustness under magnification variability; (ii) it offers
a sufficiently large number of labeled microscopy im-
ages across benign and malignant cases, enabling sta-
ble training and stratified cross-validation; and (iii)
it is widely adopted in the literature, facilitating di-
rect and fair comparison with prior microscopy-based
approaches [15].

2.2 Breast Histopathology Classification

Breast histopathology classification commonly
leverages transfer learning with CNN backbones
to balance performance and complexity in data-
constrained settings. Across public benchmarks,
VGG- and ResNet-based pipelines remain strong
baselines, often combined with data augmentation
and careful validation [4, 22–24]. More recent CNN
families can further improve accuracy when appropri-
ately fine-tuned and regularized [25].

Beyond single-backbone classifiers, ensembles and
fusion strategies are frequently adopted to improve
robustness by integrating complementary represen-
tations. Ensembles typically aggregate predictions
from multiple models, whereas fusion combines in-

formation at the feature or logit level within a single
architecture [24, 25]. Multi-branch and multi-scale
designs fuse features across depths or receptive fields
to capture both local texture and broader tissue con-
text [26, 27]. Hybrid CNN–transformer approaches
have also been explored to combine CNN-derived lo-
cal cues with transformer-derived global context, mo-
tivating representation-level fusion as a practical de-
sign choice for histopathology classification [28]. Mo-
tivated by these trends, we benchmark strong CNN
backbones and then adopt a two-stream fusion model
to exploit complementary feature spaces while main-
taining a lightweight and reproducible pipeline.

2.3 Image Magnification Variability

A key challenge in microscopy images is mag-
nification variability. Tissue structures can ap-
pear substantially different across magnifications,
altering the relative importance of local texture
versus broader architectural patterns. As a re-
sult, magnification-dependent evaluation may over-
estimate performance if models rely on scale-specific
cues that do not generalize. Early work explicitly
studied cross-magnification generalization and mo-
tivated magnification-aware evaluation protocols for
breast histology [16]. Subsequent studies proposed
magnification-invariant architectures and transfer
strategies to improve robustness under magnification
shifts [17, 18, 29, 30].

In this paper, we focus on a magnification-robust
setting in which training and testing contain mixed
magnification levels, aiming for stable performance
under heterogeneous magnification conditions. A
strict magnification-robust evaluation, where training
and testing magnifications differ, is a natural exten-
sion and is left for future work.

2.4 Attention Mechanisms in Fusion Models

Attention mechanisms are widely used in fu-
sion models to emphasize informative features be-
fore merging streams. This is particularly relevant
in breast histopathology, where non-diagnostic re-
gions, stain variation, or background can dominate
the field of view. Channel attention is a com-
mon and lightweight choice: squeeze-and-excitation
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(SE) blocks learn channel-wise weights from global
context and can be inserted with minimal over-
head [31]. Spatial attention is often paired with
channel attention to highlight discriminative regions;
CBAM sequentially applies channel and spatial at-
tention and is frequently used in medical imaging
pipelines [32]. Non-local/self-attention blocks cap-
ture long-range dependencies that standard convo-
lutions may miss, supporting broader tissue-context
modeling [33]. Attention-enhanced fusion has been
reported to improve breast histopathology classifica-
tion by strengthening representation integration, e.g.,
via combined channel and spatial attention in fu-
sion settings [34]. Related work also explores soft-
attention designs with an explicit emphasis on inter-
pretability alongside performance [35]. Motivated by
these findings, we study attention within a fusion ar-
chitecture and select SE attention as a practical ac-
curacy–complexity trade-off in our final model.

2.5 Model Transparency

XAI is increasingly used to make deep learning de-
cisions more inspectable in medical imaging, includ-
ing histopathology, where models may otherwise rely
on spurious cues. This consideration is amplified in
fusion models, where multiple representation streams
and attention components can complicate error anal-
ysis. In this work, we employ Grad-CAM [36], LIME
[37], and SHAP [38].

Grad-CAM produces class-discriminative localiza-
tion maps by using the gradients of the target class
with respect to the final convolutional feature maps,
offering a coarse but intuitive heatmap for CNN-
based models [36]. LIME explains individual pre-
dictions by perturbing superpixels and fitting a lo-
cal surrogate model, which can help reveal whether
a prediction is driven by meaningful tissue regions
or artifacts [37]. SHAP provides additive feature
attributions grounded in game-theoretic principles,
enabling more consistent comparisons across mod-
els and supporting attribution-based error analysis
in benchmarking studies [38]. These tools collec-
tively support transparency, qualitative verification,
and failure-case analysis in our breast histopathology
classification pipeline.

3. METHODOLOGY

This section presents the proposed fusion frame-
work for magnification-robust breast histopathology
classification and the experimental protocol used for
evaluation. We first describe the backbone baselines
and then introduce a fusion model augmented with
attention. We conclude with implementation details,
cross-validation, and evaluation criteria.

3.1 Proposed Model Architecture

The proposed framework is organized as a two-
stage fusion-selection pipeline. In Stage 1, three
single-backbone baselines, VGG16, ResNet18, and
EfficientNetV2, are trained, and three two-stream fu-
sion pairs are evaluated: VGG16–ResNet18, VGG16-
EfficientNetV2, and ResNet18–EfficientNetV2. This
stage is performed without attention so that the con-
tribution of backbone pairing can be isolated. In
Stage 2, the best fusion pair from Stage 1 is further
evaluated with different attention modules. This de-
sign provides a systematic basis for selecting the final
backbone pair rather than assuming that ResNet18-
EfficientNetV2 is automatically the best choice.

An overview of the general two-stream fusion ar-
chitecture is shown in Fig. 2. Given an input im-
age, two CNN backbones extract feature maps in par-
allel. The feature maps are pooled, concatenated,
and passed to a fully connected classifier for be-
nign/malignant prediction. The final configuration
uses the VGG16–ResNet18 pair because it provides
the highest mean F1-score in the patient-level 5-fold
experiments while also having lower inference time
than the other fusion pairs.

Given an input RGB image x ∈ RH×W×3, where
H and W denote the image height and width, a back-
bone f(·) produces a deep feature map F = f(x) ∈
RC×h×w. Here, C is the number of feature channels,
and h and w are the spatial dimensions of the feature
map. We aggregate spatial information using global
average pooling (GAP) to obtain a compact embed-
ding z ∈ RC :

zc =
1

hw

∑h

i=1

∑w

j=1
Fc(i, j), c = 1, . . . , C, (1)

where Fc(i, j) denotes the activation at the spatial
location (i, j) in the channel c.

In the fusion setting, two backbones generate fea-
ture maps F1 = f1(x) and F2 = f2(x). For the
no-attention fusion model, global average pooling
is applied to both streams to obtain embeddings
z1 ∈ RC1 and z2 ∈ RC2 , which are concatenated
as z = [z1; z2]. The concatenated representation is
then passed through a classifier head with dimensions
512→512→512→2. For attention ablation, an atten-
tion module is inserted before pooling to refine each
stream, yielding F̃1 and F̃2 The same classifier head
is then used so that changes in performance can be
attributed to the attention mechanism rather than to
a different classifier.

We evaluate self-attention, SE attention, cross-
attention, and CBAM. The attention ablation is de-
signed to determine whether an attention module im-
proves the selected fusion pair under the patient-level
protocol. The final model is selected according to the
patient-level cross-validation results, and the atten-
tion ablation is reported in Section 4.3
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Table 1: Experimental parameters used in this
study.

Parameter Value
Dataset BreakHis
Task Binary classification: benign vs.

malignant
Image size 224 × 224 pixels
Input channels RGB
Cross-validation 5-fold cross-validation
Split strategy Patient-level split
Magnification setting mixed magnification
Magnifications 40×, 100×, 200×, and 400×
Pretrained ImageNet pretrained weights
weights
Normalization ImageNet mean and standard

deviation
Batch size 32
Optimizer Adam/AdamW, depending on

the model implementation
Learning rate 1 × 104
Weight decay 1 × 104
Label smoothing 0.05
Maximum epochs 40
Early stopping 10 epochs
patience
Classifier head 512 → 512 → 512 → 2
Random seed 42

3.2 Experimental Setup

All models were implemented in PyTorch with
CUDA 12.8 acceleration and trained on a worksta-
tion equipped with an AMD Ryzen 7 3700X CPU, 40
GB RAM, and an NVIDIA GeForce RTX 3080 GPU.
All experiments use a fixed patient-level protocol for
the baseline, fusion, and attention-ablation models.
The key settings are summarized in Table 1.

We adopt a mixed-magnification setting in which
images from all available magnifications are included
in both the training and test sets. This protocol eval-
uates performance under heterogeneous magnifica-
tion conditions rather than strict cross-magnification
generalization. All images from the same patient are
assigned to only one fold before training and valida-
tion subsets are constructed, which prevents patient-
level leakage. After fold generation, the patient iden-
tifiers are checked to verify that no patient appears in
more than one fold. Results are reported as the mean
performance across folds. All images are resized to
224 × 224 pixels. Data augmentation is applied only
to the training split to reduce overfitting. Augmented
images are not saved as additional dataset samples;
instead, augmentation is applied inside the training
data loader so that validation and test images remain
unchanged.

3.3 Evaluation Metrics

We evaluate classification performance using accu-
racy, precision, sensitivity, specificity, and F1-score,

defined in Eqs. (2)-(6). In addition, we report
the ROC curve and the area under the ROC curve
(AUC). The ROC curve is obtained by sweeping the
decision threshold and plotting the true positive rate
against the false positive rate, while the AUC summa-
rizes this curve as a threshold-independent measure.
All metrics are computed from the confusion-matrix
terms: true positives (TP ), true negatives (TN), false
positives (FP ), and false negatives (FN).

Accuracy =
TP + TN

TP + TN + FP + FN
(2)

Precision =
TP

TP + FP
(3)

Sensitivity =
TP

TP + FN
(4)

Specificity =
TN

TN + FP
(5)

F1-score = 2 · Precision · Sensitivity

Precision + Sensitivity
(6)

To support a more balanced interpretation of small
performance differences, we also conduct paired sta-
tistical and image-level analyses. Fold-level differ-
ences are evaluated using the Wilcoxon signed-rank
test. In addition, paired image-level predictions from
EfficientNetV2 and the proposed fusion model are
summarized into four discordant-case groups: both
models correct, both models wrong, EfficientNetV2
wrong but the proposed model correct, and Efficient-
NetV2 correct but the proposed model wrong. Mc-
Nemar’s test is then applied to the discordant counts
to assess whether the proposed model corrects more
baseline errors than it introduces.

4. RESULTS AND DISCUSSION

This section presents the patient-level results. The
analysis focuses on four questions: (i) how the pro-
posed model compares with internally implemented
baselines and relevant BreakHis studies, (ii) why the
final backbone pair was selected, (iii) whether atten-
tion improves the selected fusion pair, and (iv) which
image groups are corrected or newly misclassified by
the fusion model.

4.1 Baseline and Fusion Comparison

Table 2 compares three single-backbone baselines
with three fusion models trained without attention
under the patient-level 5-fold cross-validation proto-
col. The VGG16–ResNet18 fusion model achieves
the highest mean accuracy of 0.8890 and the high-
est mean F1-score of 0.8888. Among the single-
backbone baselines, VGG16 gives the highest accu-
racy at 0.8712, followed closely by EfficientNetV2 at
0.8703. The improvement of the final fusion model
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Table 2: Comparison of base models and fusion models without attention under patient-level validation.
Model Accuracy Precision Sensitivity Specificity F1-score
VGG16 0.8712 0.8736 0.8712 0.8305 0.8709
ResNet18 0.8572 0.8647 0.8572 0.7854 0.8564
EfficientNetV2 0.8703 0.8762 0.8703 0.8081 0.8698
VGG16–ResNet18 0.8890 0.8917 0.8890 0.8475 0.8888
VGG16–EfficientNetV2 0.8659 0.8706 0.8659 0.8097 0.8655
ResNet18–EfficientNetV2 0.8635 0.8690 0.8635 0.8025 0.8630

over the strongest single-backbone baseline is there-
fore modest, but it is consistent in the mean accuracy,
precision, sensitivity, specificity, and F1-score.

The absolute performance is lower than several
values reported in previous BreakHis-based studies
because the experimental protocols differ substan-
tially. In particular, the patient-level protocol used
in this study is stricter than image-level splitting.
This distinction is important for BreakHis because
the dataset contains multiple images from the same
patient. If images from the same patient are split
across training and test folds, visually related sam-
ples may appear in both subsets, which can lead to
optimistic performance estimates. In the present pro-
tocol, all images from the same patient are assigned
to only one fold, so the reported performance repre-
sents a more conservative estimate of generalization

to unseen patients.

Fig. 3 summarizes the training behavior of the
baseline and fusion models. The curves are used
to verify that the reported mean performance is not
caused by a single unstable training run. Therefore,
the figure should be interpreted together with the
patient-level split and the fold-level statistics rather
than as evidence of a large performance margin.

Table 3 provides a contextual comparison with se-
lected BreakHis-based studies. Bardou et al. [22]
reported high CNN-based binary classification accu-
racy across magnification settings; Gour et al. [23]
reported 0.9252 accuracy and 0.9345 F1-score using
residual-learning CNN features with an SVM classi-
fier, and Taheri et al. [18] reported strong perfor-
mance using a multi-level feature-fusion framework
under binary/multi-class and magnification-specific

Table 3: Numeric and methodological comparison with related BreakHis studies.
Parameter Bardou et al. [22] Gour et al. [23] Taheri et al. [18] Proposed

Best Reported Accuracy 0.9833 0.9252 0.9750 0.8890
F1-score N/R 0.9345 0.9798 0.8888
AUC N/R N/R N/R 0.9326
Patient-Level Split 4 X X X
Mixed-Magnification × × X X
Multi-Model Design X × X X
Fusion Ablation × × 4 X
Attention Ablation × × × X
XAI × × × X
Statistical Test × × X X
Discordant-Case Analysis × × × X
Note: X : reported; × : not reported; 4 : partially reported or the protocol differs. N/R: not reported.

Table 4: Backbone-pair ablation under patient-level 5-fold cross-validation.
Fusion pair Accuracy F1-score AUC Parameters (M) Inference time (ms)
VGG16–ResNet18 0.8890 0.8888 0.9326 26.58 1.15
VGG16–EfficientNetV2 0.8659 0.8655 0.9260 35.97 2.50
ResNet18–EfficientNetV2 0.8635 0.8630 0.9274 32.44 2.85

Table 5: Attention ablation for the selected fusion pair.
Attention module Accuracy Precision Sensitivity Specificity F1 score
No attention 0.8890 0.8917 0.8890 0.8475 0.8888
SE attention 0.8625 0.8701 0.8626 0.7908 86.18
Self-attention 0.8662 0.8715 0.8662 0.8064 86.57
Cross-attention 0.8573 0.8607 0.8573 0.8092 85.70
CBAM 0.8601 0.8336 0.8601 0.8108 85.98
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Table 6: Per-magnification performance of the final proposed model.
Magnification Accuracy Precision Sensitivity Specificity F1-score
40× 0.8869 0.8913 0.8869 0.8336 0.8865
100× 0.9161 0.9162 0.9161 0.9130 0.9161
200× 0.9133 0.9141 0.9133 0.8914 0.9133
400× 0.8851 0.8866 0.8851 0.8547 0.8850

settings. These reported values are higher than the
performance obtained in this work. However, di-
rect comparison based only on accuracy or F1-score
should be interpreted cautiously because the studies
differ in data-splitting strategy, magnification setting,
model-selection procedure, and validation analysis.

Accordingly, this study does not claim superiority
over all previous BreakHis studies. Instead, the con-
tribution is a transparent and reproducible evaluation
of deep feature fusion under a patient-level mixed-
magnification setting. Although the proposed model
obtains lower absolute accuracy than several prior re-
ports, this experiment provides additional evidence
that is often missing in aggregate performance com-
parisons, including backbone-pair ablation, attention
ablation, statistical testing, image-level discordant-
case analysis, and explainability-guided error discus-
sion. This more conservative interpretation is im-
portant because it shows not only whether the fusion
model improves the mean metrics, but also where the
model corrects baseline errors, where it introduces
new errors, and why the performance gain should be
interpreted cautiously.

4.2 Backbone-Pair Ablation

Table 4 reports the backbone-pair ablation used
to select the final fusion model. VGG16–ResNet18
obtains the highest accuracy, F1-score, and AUC
among the three tested fusion pairs. It also has
fewer parameters and lower inference time than the
VGG16–EfficientNetV2 and ResNet18–EfficientNetV2
pairs. These results explain why the final model uses
VGG16–ResNet18 instead of the ResNet18–Efficient
NetV2 pair. The VGG16 stream may pre-
serve texture-rich and edge-oriented representations,
whereas the ResNet18 stream adds residual features
that support more stable optimization. In contrast,
the EfficientNetV2 fusion pairs do not improve the
patient- level mean metrics in this setting, suggest-
ing that adding a stronger single backbone does not
automatically yield a better fusion model when the
dataset is small and patient-level constraints reduce
the effective training diversity.

4.3 Attention Ablation

Table 5 evaluates four attention mechanisms on
the selected VGG16–ResNet18 pair. The results show
that attention does not improve this fusion pair under
the patient-level protocol. The no-attention model

Fig.3: Contingency matrix showing correct/wrong
prediction distribution between EfficientNetV2 and
the proposed model.

remains the best configuration, with 0.8890 accu-
racy and 0.8888 F1-score. Self-attention gives the
strongest performance among the attention variants,
but it remains below the no-attention fusion model.

The decline caused by attention modules may oc-
cur because the attention weights suppress subtle
texture cues that are useful for BreakHis classifica-
tion, particularly under mixed magnification. This
result also indicates that the fusion benefit in this set-
ting comes primarily from combining complementary
backbone representations, not from adding an atten-
tion block. Therefore, the final model is defined as
VGG16–ResNet18 feature fusion without attention.

Fig.4: Representative explanation examples for cor-
rected and misclassified cases.

4.4 Per-Magnification Analysis

Although the model is trained and evaluated in
a mixed-magnification setting, Table 6 summarizes
the performance of the final proposed model at each
magnification level. The best results are obtained at
100× and 200×, where the F1-scores are 0.9161 and
0.9133, respectively. Performance is lower at 40× and
400×, which suggests that both broader tissue archi-
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tecture and high-detail nuclear texture can introduce
different classification difficulties.

The magnification-specific pattern holds both clin-
ical and technical significance. At magnifications of
100× and 200×, tissue organization and cellular mor-
phology are discernible at a practical scale. However,
at 40×, nuclear details may be less distinct, and at
400×, the image reveals highly localized texture pat-
terns that are more susceptible to variations in stain-
ing and field-of-view selection. These findings sup-
port the implementation of per-magnification report-
ing alongside pooled mixed-magnification metrics.

4.5 Statistical Testing Analysis

Table 7 reports fold-level Wilcoxon signed-rank
tests. The proposed model shows positive mean dif-
ferences in accuracy and F1-score compared to Effi-
cientNetV2; however, the p-values exceed 0.05. As a
result, this study does not assert a statistically sig-
nificant fold-level improvement. Given that only five
folds are analyzed, the Wilcoxon test is regarded as
supporting evidence rather than the sole criterion for
model comparison.

Table 7: Wilcoxon signed-rank test across five folds.
Comparison Metric Mean p-value

difference
EfficientNetV2 Accuracy +0.0133 0.3125
vs. Proposed
EfficientNetV2 F1-score +0.0134 0.3125
vs. Proposed
EfficientNetV2 AUC -0.0214 0.4375
vs. Proposed
No attention vs. Accuracy +0.0129 1.0000
Best attention
No attention vs. F1-score +0.0116 1.0000
Best attention
No attention vs. AUC +0.0117 1.0000
Best attention

To clarify whether the observed metric differences
correspond to meaningful changes in individual pre-
dictions, Table 8 summarizes the paired image-level
predictions between EfficientNetV2 and the proposed
fusion model, while the corresponding correct/wrong
prediction distribution is visualized as a contingency
matrix in Fig. 4. The proposed model corrects 650
images that EfficientNetV2 misclassifies, whereas Ef-
ficientNetV2 correctly classifies 447 images that the
proposed model misclassifies. Thus, the proposed
model corrects 203 more baseline errors than it intro-
duces. McNemar’s test applied to these discordant
counts yields (χ2 = 37.20) with continuity correction
and (p = 1.07×10−9), indicating that the image-level
discordance between the two models is not symmet-
ric.

This image analysis supports a more precise in-
terpretation than a single mean accuracy value. The
proposed fusion model does not simply improve every

case; rather, it shifts the decision boundary so that
some EfficientNetV2 errors are corrected and some
new errors are introduced. The net positive discor-
dance suggests that fusion is useful for a subset of dif-
ficult images, while the introduced-error group should
be examined carefully before clinical translation.

4.6 Explainability and Error-Case Discussion

To ensure a balanced explainability analysis, the
interpretation of model explanations is associated
with representative prediction cases rather than fo-
cusing solely on correctly classified examples. Rep-
resentative Grad-CAM, LIME, and SHAP explana-
tions for selected histopathology images are presented
in Fig. 5. These complementary explanation meth-
ods provide different views of the image regions
contributing to the model predictions: Grad-CAM
highlights class-discriminative regions in the convo-
lutional feature maps, LIME identifies influential lo-
cal image regions through perturbation-based anal-
ysis, and SHAP provides attribution-based informa-
tion regarding the contribution of image regions to
the prediction. Together, these visualizations sup-
port qualitative examination of whether the model
focuses on potentially relevant tissue structures or on
non-diagnostic regions and artifacts.

The corrected cases are expected to include images
where the fusion model captures complementary cues
from tissue architecture and local texture that are
less prominent in a single EfficientNetV2 representa-
tion. Conversely, introduced errors may occur when
one stream emphasizes non-diagnostic regions, back-
ground, staining artifacts, or magnification-specific
texture that is not class-discriminative. Persistently
wrong cases are particularly important because they
may contain ambiguous morphology, atypical stain-
ing, limited tumor tissue, or regions where benign
and malignant patterns are visually similar. These
cases should be prioritized for pathologist review and
for future quantitative explanation stability analysis.

Table 8: Discordant-case summary between Effi-
cientNetV2 and the proposed model.

Case group No. of images
Both models are correct. 9003
Both models are wrong. 758
EfficientNetV2 is wrong, the 650
proposed model is correct.
EfficientNetV2 is correct, the 447
proposed model is wrong.

Overall, the results offer a cautious interpretation
of the proposed method. The final VGG16-ResNet18
fusion model achieves the highest mean performance
among the configurations tested. However, the im-
provement is modest and not statistically significant
according to the fold-level Wilcoxon test. The pri-
mary evidence supporting the model includes a com-
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bination of patient-level evaluation, backbone-pair
ablation, image-level discordant-case analysis, and
discussions guided by explainability regarding errors.

5. CONCLUSION

This study presents an explainable deep fu-
sion framework for breast histopathology classifica-
tion on the BreakHis dataset. All models were
evaluated using patient-level 5-fold cross-validation
under a mixed-magnification setting. The final
VGG16–ResNet18 fusion model without attention
achieved 0.8890 accuracy, 0.8888 F1-score, and 0.9326
AUC, outperforming the tested single-backbone base-
lines and other fusion pairs in this evaluation.

The results also show that attention modules
do not improve the selected fusion pair under the
patient-level protocol. Therefore, the final model is
simpler than the attention-based variants evaluated
in this study. This finding is important because it
prevents overclaiming and indicates that the main
benefit comes from combining complementary back-
bone representations rather than from attention. The
fold-level Wilcoxon signed-rank test does not show
a statistically significant improvement over Efficient-
NetV2, so the performance gain should be interpreted
cautiously. However, the image-level discordant-case
analysis shows that the proposed fusion model cor-
rects more EfficientNetV2 errors than it introduces.
This supports the usefulness of fusion for a subset
of difficult images while also revealing remaining lim-
itations. Misclassified and discordant cases are as-
sociated with ambiguous morphology, staining varia-
tion, magnification-dependent texture changes, back-
ground artifacts, and attention to non-diagnostic re-
gions.

Future work will extend this evaluation in three
directions. First, strict cross-magnification testing
will be performed to measure generalization when
training and testing magnifications differ. Second,
external validation on additional breast histopathol-
ogy datasets will be used to assess dataset transfer-
ability. Third, explanation quality will be evaluated
more systematically using quantitative XAI stability
metrics and expert-in-the-loop review.
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