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Abstract

Accurate breast histopathology classification is essential for reliable diagnosis;
however, tissue heterogeneity, staining variation, and magnification-dependent
morphology make automated classification challenging. This study proposes
E>-MCLNet, an error- and evidence-aware multiscale learning framework for binary
breast histopathology classification on the BreaKHis dataset. The model uses
a pretrained ResNet-34 backbone to extract intermediate and deep multiscale
features, fuses adaptively pooled descriptors, and applies a Softplus-based evidential
classification head with a custom ErrorEvidenceLoss to emphasize difficult and error-
prone samples. Using a fixed 70:15:15 train—-validation—test split, E2-MCLNet achieved
an accuracy of 97.6411%, a precision of 98.0296%, a recall of 98.5149%, a specificity of
95.7784%, an F1-score of 98.2716%, and an area under the curve of 0.9974. Confusion
matrix, receiver operating characteristic/precision-recall, and heatmap analyses
indicate that the proposed framework provides strong discriminative performance
while supporting evidence-aware and reliability-sensitive prediction.

Keywords: Breast cancer histopathology classification; Multiscale learning; Evidential
deep learning; Error-aware learning; Reliability-aware classification; BreaKHis; ResNet-34;
Computer-aided diagnosis

1. Introduction

Histopathology has been a foundational tool for breast cancer diagnosis for over a century
and continues to be used today for primary diagnostic confirmation and cancer subtype
definition. Manual microscopic assessment of slides, however, is labor-intensive and
prone to interobserver disagreement, leading to the ongoing development and research
into computer-aided detection/diagnosis of breast histopathology images (Abdullakutty
et al., 2024; Datwani et al., 2025; Jiang et al., 2024). In recent years, deep learning has
come to dominate the area since such algorithms can learn feature representations
hierarchically from stained tissue specimens, enabling the development of automated
detection, classification, and prediction methods for other clinical outcomes (Jiang et al.,
2024; Ramamoorthy et al., 2024).
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Over time, computer-aided breast histopathology
classification methodshave moved fromhand-craftedimage
processing toward a series of advances in transfer learning,
ensemble learning, attention-based methods, and, recently,
combinations of convolutional neural networks (CNNs)
and transformers (Aldakhil et al., 2024; Balasubramanian
et al., 2024; Wang et al., 2025). Previous studies have
shown strong results achieved through fine-tuning of CNN
backbones (e.g., ResNet, EfficientNet, DenseNet-201), the
addition of attention modules to EfficientNet backbones,
ensembles of EfficientNet variants, feature selection via
class-discriminative maps, and the integration of multi-
feature information extraction approaches on popular
breast cancer histopathology datasets, such as the BreaKHis
dataset (Chaudhary & Dhunny, 2025; Heikal et al., 2024;
Wang et al., 2025; Yan et al., 2025; Zhao et al., 2025).
Such performance shows that deep learning can capture
key diagnostic features from hematoxylin and eosin-
stained tissue histopathology images. However, it also
highlights key challenges: class imbalance between benign
and malignant types, stain heterogeneity, variations in
features depending on microscopy magnification, and the
requirement to maintain information about local cellular
details while preserving a broader tissue architecture
perspective (Eshun et al., 2024; Jiang et al., 2024; Spanhol
etal., 2016).

One common difficulty in histopathology research is
that tissue pathology exhibits variability across multiple
magnifications: the discriminative factors can include
texture and appearance at individual nuclei, morphology
of epithelial glands, patterns in the stromal compartment
and architectural arrangement of tissue (Jiang et al., 2024;
Spanhol et al., 2016). To address this challenge, several
studies use architectures that aggregate and integrate
features at multiple levels of a network or different spatial
resolutions of input images rather than depending solely
on information from the deepest layer (Chaudhary
& Dhunny, 2025; Ukwuoma et al., 2022; Wang et al.,
2025). Additionally, several studies have shown that the
adoption of dual-branch networks, fusion architectures,
and multi-feature frameworks is helpful for improving
discrimination ability (Wang et al., 2025; Yan et al., 2025;
Zhao et al., 2025). Fusion can combine distinct information
from different spatial or feature scales, helping to better
extract diagnostically relevant information in complex
histopathological images (Chaudhary & Dhunny, 2025;
Wang et al., 2025). In the present study, we explore this
methodology by combining the pooled features from
intermediate and deep layers of the trained ResNet-34
feature extractor to enhance the binary classification
performance of benign versus malignant tumors using the
BreaKHis breast histopathology image dataset.

Another significant problem in many leading
classification models is their primary focus on high
predictive accuracy without sufficient attention to the
reliability of their predictions. A prediction of an outcome
cannot be the only information that a medical professional
needs for decision-making, since there may be insufficient
medical data (rare condition), low-quality histopathology
images, ambiguous cases where experts may disagree, and
even incorrect outputs (Ghasemi et al., 2024; McCaffrey
et al, 2024). To address this problem, many recent
studies attempt to build interpretable and uncertainty-
aware artificial intelligence (AI) systems for breast cancer
detection (Abdullakutty et al., 2024; Alom et al., 2025;
Ghasemi et al., 2024). The empbhasis is placed on models
that not only achieve high prediction accuracy but also
provide robust, reliable outcomes and interpretability,
even under uncertain conditions. Evidential deep learning
attempts to go beyond the state-of-the-art accuracy-
only classifiers by predicting class evidence instead of
normalized probabilities, enabling robust and uncertainty-
aware decision-making even in ambiguous cases (Fu et al.,
2026).

The concept behind the proposed E?-MCLNet is
presented in Figure 1. The illustration conveys that (i)
breast histopathology classification inherently faces
challenges related to multiscale tissue heterogeneity and
visual ambiguity and (ii) medical professionals critically
require reliable outputs for better and more accurate
decision-making.

Next, the proposed E*-MCLNet architecture is
highlighted as a promising direction for addressing these
challenges by (i) performing multiscale feature extraction
to capture complementary histomorphological patterns;
(ii) applying an error-aware learning objective to penalize
inaccurate predictions, and (iii) utilizing an evidence-
aware inference strategy to improve decision confidence.
The primary role of Figure 1 in the introduction section is
to rapidly convey to the readers why a simple classification
model that relies on a single scale or solely optimizes for
prediction accuracy may not be sufficient for reliable
histopathology diagnosis and why the proposed framework
is presented as a reliability-centric alternative.

To position the present study within the context of
existing literature and highlight the identified research
gaps, Table 1 summarizes recent key publications in breast
histopathology classification, focusing on the 2024-2025
period. The table systematically lists each study, including
the backbone model used, the dataset, the specific task, the
core methodology, and the main limitation. By presenting
this information in a structured manner, Table 1 is
intended not just to offer a descriptive overview but also
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Figure 1. Overall conceptual motivation of E>-MCLNet for reliable breast histopathology classification

Abbreviation: Al Artificial intelligence.

to show the evolution of research in this area. Although
various approaches such as transfer learning, attention
mechanisms, feature fusion, and hybrid architectures have
successfully improved prediction performance, the studies
summarized in Table 1 highlight the continuing need to
jointly address the challenges of multiscale representation
learning and prediction reliability. Therefore, Table 1

provides the motivation for proposing E>-MCLNet and
forms the basis for discussing the specific research gap
addressed by this study.

Motivated by these shortcomings, we propose
E’>-MCLNet: an error- and evidence- aware multiscale
learning  framework for reliable breast cancer
histopathology classification. To accomplish this goal,
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E?-MCLNet employs a pretrained ResNet-34 as its feature
extractor. It derives pooled feature representations from
multiple stages of the backbone network (intermediate and
deep layers) and concatenates these multiscale features to
form a unified descriptor. Finally, it converts the prediction
logits into positive evidence via a Softplus-based evidential
head and trains using an error-aware evidential objective.
The performance of E*MCLNet is then evaluated on
the BreaKHis dataset using accuracy, precision, recall,
specificity, F1-score, area under the curve (AUC), receiver
operating characteristic (ROC) curve behavior, and
precision-recall analysis, in addition to confusion-matrix
assessment for the binary classification of benign and
malignant tumors. With this approach, our framework
is designed to contribute to two practical advancements:
enhancing the discriminative power through multiscale
representation fusion and strengthening the reliability of
decisions via evidence-aware prediction.

The importance of this study is its direct engagement
with critical limitations highlighted in recent research.
First, by explicitly modeling tissue heterogeneity across
multiple scales, the framework addresses the need to retain
both local details and broader architectural context within
histopathology images. Second, by incorporating evidence-
aware learning, it responds to the growing demand for
prediction confidence in high-stakes medical applications
where accurate classification is often not enough. Thus,
instead of viewing classification accuracy and prediction
reliability as separate and competing objectives,
E2-MCLNet integrates both into a single, cohesive pipeline
for breast cancer histopathology classification. This
integrated approach aligns with ongoing efforts to develop
reliable, explainable, and clinically meaningful AT systems
for breast cancer management.

Figure 1 provides an overview of the motivation behind
the proposed E*-MCLNet architecture. Breast cancer
histopathological diagnosis involves patterns at multiple
scales, including local cellular morphology, glandular
structures, and global tissue architecture. A single-scale
CNN may fail to capture these complementary cues, while
a conventional accuracy-driven classifier may still produce
overconfident decisions in ambiguous cases. Therefore, the
proposed framework combines multiscale feature learning
with error-aware optimization and evidence-aware
inference to improve both classification performance and
prediction reliability.

Table 1 summarizes recent studies published during
2024 and 2025 onbreasthistopathologyimage classification.
The studies differ in their methodological trends as well as
their associated limitations. Table 1 shows that considerable
progress has been achieved with the use of techniques

such as transfer learning, attention modules, ensemble
learning, feature fusion, and deep ensemble architectures.
However, Table 1 also confirms that most studies focus
primarily on predictive performance improvements,
while largely neglecting reliability-aware inference,
uncertainty representation, or explicit evidence modeling.
Furthermore, many proposed methods fail to make full use
of multiscale information in a single framework, whereas
others still do not use multiscale information adequately
to capture fine-grained image features for histopathology
analysis. Consequently, Table 1 directly motivates the
development of E>-MCLNet by demonstrating the need
for a framework that simultaneously addresses multiscale
representation learning and reliability-oriented decision-
making.

2. Literature review

Recent studies show that convolutional backbones, transfer
learning, ensemble learning, attention mechanisms, and
feature-fusion frameworks represent major approaches
in breast histopathology image analysis. These methods
are used across enhancement, segmentation, and disease
classification tasks and demonstrate the ability of deep
learning to learn discriminative patterns from stained
tissue specimens (Abdullakutty et al., 2024; Datwani et al.,
2025; Jiang et al., 2024).

Several studies have improved classification accuracy
through deeper backbones, transfer learning, ensemble
models, and public datasets such as BreaKHis and the
invasive ductal carcinoma dataset. These approaches
demonstrate effective automated feature extraction,
but most remain focused on predictive performance
rather than explicit reliability, uncertainty, or evidential
confidence (Balasubramanian et al., 2024; Heikal et al.,
2024; Ramamoorthy et al., 2024).

A second research trend involves multiscale and
multi-feature representation learning. DenseNet-based
multiscale fusion, transformer-based modeling, and
subtype classification studies show that combining local
cellular information with deeper semantic features can
improve discrimination because breast histopathology
images contain diagnostic cues ranging from nuclear
texture to tissue-level organization (Chaudhary & Dhunny,
2025; Desai & Mahto, 2025; Yan et al., 2025).

Attention mechanisms, transformer variants, and
explainable AI methods have also improved model
interpretability and feature selection. Nevertheless,
explanation alone does not guarantee reliable prediction
because a model may highlight relevant regions without
estimating uncertainty. Evidential deep learning addresses
this limitation by learning class-supporting evidence
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instead of relying only on softmax probabilities (Alom
et al., 2025; Fu et al., 2026; Ghasemi et al., 2024). The
proposed E*-MCLNet therefore integrates multiscale
feature fusion with an evidence-aware classification head
and error-aware evidential optimization for reliability-
oriented breast histopathology classification on BreaKHis.

Table 2 highlights recent advances in breast
histopathology classification through approaches such
as ensemble learning, attention mechanisms, multiscale
fusion, hybrid CNN-transformer models, and explainable
AL Nonetheless, these research directions are generally
pursued in silos: multiscale approaches improve
representation quality, explainable methods focus on
interpretability, and evidential approaches raise uncertainty
awareness. Yet few models simultaneously address all three
challenges in a single breast histopathology classifier. This
represents the research gap addressed by E>-MCLNet: a
model that integrates multiscale feature fusion with error-
aware evidential learning for reliability-oriented benign/
malignant classification.

3. Research gap

Although many recent studies achieve high performance
using transfer learning, ensemble learning, attention,
or combined architectures for breast histopathology
classification, reliable prediction for clinical decision
support  remains  insufficiently = addressed. In
histopathological diagnosis, accuracy alone is not sufficient
because borderline tissue regions, stain variation, and
morphologically unclear patterns can produce uncertain
predictions in which confidence is critical (Abdullakutty
et al., 2024; Balasubramanian et al., 2024; Jiang et al.,
2024; Ramamoorthy et al., 2024; Simonyan et al., 2024;
Tafavvoghi et al., 2024).

Although multiscale and multi-feature learning have
received increasing interest, most multiscale methods use
fusion mainly to improve feature representations rather
than to support reliability-oriented interpretation. Breast
histopathology images contain rich discriminative details
at different scales, from cellular morphology and local
texture patterns to complex glandular structures and
tissue architecture. Existing fusion and attention schemes
therefore improve visual discrimination, but many do not
provide explicit evidential support or uncertainty-aware
final diagnoses (Eshun et al., 2024; Ghasemi et al., 2024;
Heikal et al., 2024; McCaffrey et al., 2024).

Recent explainable and interpretable AI methods have
improved the visual transparency of breast cancer models;
however, explainability alone is only a partial solution
to reliability. A model explanation does not necessarily
indicate that the model can provide a confident or reliable

decision. Evidential deep learning has shown potential
for generating uncertainty-aware predictions, but this
direction has not been fully unified with multiscale breast
histomorphological feature learning and error-sensitive
optimization (Fu et al., 2026; Simonyan et al., 2024;
Tafavvoghi et al., 2024).

Therefore, the gap in the literature—as observed
from the proposed framework implementation—is the
need for a unified, high-reliability framework for breast
histopathology classification that simultaneously integrates
the following four components: (i) multiscale features
extracted from various stages of the backbone network;
(ii) fusion of these features for differentiating benign from
malignant samples; (iii) error-aware training to reduce
the influence of unreliable predictions; and (iv) evidence-
aware inference for producing more reliable classification
results. This gap forms the rationale behind the proposed
E?>-MCLNet, a novel framework designed to enhance
reliability in addition to achieving high classification
performance through multiscale learning for breast cancer
histopathology classification on the BreaKHis dataset.

From a research perspective, the gap not addressed by
current methods and explored in this study lies in their
tendency to focus on either representation improvement,
explainability, or uncertainty modeling separately. Unlike
these approaches, the present study attempts to consolidate
these objectives into a single end-to-end architecture by
integrating multiscale representation learning, error-
aware optimization, and evidence-aware inference. By
retrieving intermediate and deep multiscale features
from a pretrained ResNet-34 model, consolidating them
through a fusion process into a unified representation,
and optimizing the model with an error-aware evidential
objective, the framework endeavors to bridge the gap
between state-of-the-art multiscale histomorphological
learning techniques and reliable, evidence-based decision-
making in breast histopathology analysis. This represents
the central research gap addressed by this study.

4, Problem statement

Inhistopathologyimage analysis for breast cancer detection,
accurate classification between cancerous (malignant)
and normal/non-cancerous tissue (benign) is of crucial
importance for diagnosis and treatment. Although deep
learning methods have achieved promising results in
various visual classification tasks, distinguishing between
malignant and benign tissue samples remains a challenging
problem in practice, mainly due to the complex variations
in histological morphology and scale-dependent diagnostic
patterns occurring at multiple scales, ranging from small
cellular features to large tissue structures. As such, failure
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Table 2. Detailed methodological comparison of representative 2024-2025 breast histopathology classification studies

Reference

Core idea

Dataset/task noted in
source

Key strength

Limitation relative to
E2-MCLNet

Jiang et al. (2024)

Review of deep learning
in breast histopathology

Review article

Broad synthesis of enhancement,
segmentation, and classification
trends

Review only; no unified
multiscale, error-aware
evidential framework

Balasubramanian et al. Ensemble deep learning  Histopathology Improves robustness through Ensemble performance focus;
(2024) framework classification model combination no explicit evidence modeling
Histopathology-based Primarily prediction-centric;
Ramamoorthy et al. 1stopathology-bases Uses BreaKHis and Validates usefulness of deep rimartly preciction-centric
breast cancer prediction . . limited reliability-aware
(2024) IDC datasets learning on public datasets

using deep learning

inference

Aldakhil et al. (2024)

Attention-based deep
learning for BreaKHis

Multi-class BreaKHis
classification

Better focus on salient
histological regions

Attention does not explicitly
quantify evidence or
uncertainty

Chaudhary & Dhunny
(2025)

DenseNet121 with
multiscale feature fusion

BreaKHis; 5-fold CV;
binary and subtype
tasks

Strong multiscale representation
learning

Does not explicitly combine
multiscale fusion with error-
aware evidential learning

Wang et al. (2025)

MFF-ClassificationNet

CNN-transformer
hybrid with multi-
feature fusion

Strong local-global feature
integration

Fusion-focused; reliability
inference remains implicit

Enhanced multi-class

DenseNet121-based

Lacks explicit evidence-aware

Rafiq et al. (2025) classification breas.t hlsFopathology Strong multi-class discrimination decision head
classification
Not centered on reliability-
Multi-cl BreaKHi Al fine-grai
Desai & Mahto (2025) u t.1 class subtype reaKHis subtype ddr.es§es ne-grained subtype aware benign/malignant
classification classification prediction

inference

Zou et al. (2025)

Explainable Al-enabled

Breast cancer detection

Improves interpretability and

Explainability is not equivalent
to evidential uncertainty

hybrid deep learning hybrid learning modeling
Wavelet + Rich frequency and attention- Architecture complexity, but no
Yan et al. (2025) DWNAT-Net neighborhood attention 4 v an explicit error-aware evidential
based representation .
transformer objective
Breast histopathology . . Accuracy-centered; source
Zhao et al. (2025) HoRFNet classification on Very hlgh reported image-level snippet does not indicate
. and patient-level accuracy . )
BreaKHis evidence-aware learning
Histopathological Breast, colon, and lung Generalized pathology setting

Ukwuoma et al. (2022)

medical image
classification model

datasets including
BreaKHis

Multi-cancer generalization with
low-/high-level features

rather than breast-specific
reliability design

Abbreviations: Al Artificial intelligence; BreaKHis: Breast cancer histopathological database; CNN: Convolutional neural network; CV: Cross-validation;
DenseNet: Densely connected convolutional network; DWNAT-Net: Discrete wavelet transform neighborhood attention transformer network;

HoRFNet: High-order modeling and multi-branch receptive field network; IDC: Invasive ductal carcinoma; MFF-ClassificationNet: Multi-feature fusion
classification network; ResNet: Residual network.

to effectively capture and fuse multiscale representations
may result in reduced classification accuracy. Additionally,

histopathology images often contain visually challenging

areas of ambiguity, where benign and malignant traits
partially overlap.

This ambiguity makes predictions prone to reduced
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accuracy, especially because typical classification networks
are designed to simply predict a certain class label while not
considering uncertainty or the confidence associated with
the prediction, especially when the image may also contain
malignant indications. This shortcoming is particularly
critical in high-stakes domains such as medical diagnosis,
because confident but incorrect predictions lead to reduced
utility of an automated diagnosis system. The underlying
problem in this work is that there is a lack of a unified
system for breast histopathology image classification that
simultaneously (i) learns multiscale discriminative features
from histopathological images, (ii) reduces the effects of
error-sensitive misclassification during learning, and (iii)
produces evidentially informative predictions that reveal
the trustworthiness behind the prediction.

Individual existing methods address some, but not
all, of these critical aspects and have not yet been able to
integrate all three within an end-to-end approach to achieve
reliable benign-versus-malignant detection. Therefore, the
problem can be formulated as the design of a robust deep
learning framework for breast cancer histopathological
binary classification using the BreaKHis dataset, capable
of not only accurately distinguishing between benign and
malignant histopathology images but also providing more
reliable predictions when morphological variations are
complicated and decision uncertainty exists. To this end,
this study proposes E>-MCLNet—an error- and evidence-
aware multiscale learning framework that combines a
multiscale feature fusion strategy with evidence learning
concepts to achieve reliable breast cancer histopathology
classification.

5. Objectives and contributions
5.1. Objectives

This study aims to present a robust deep learning method
for the histopathological classification of breast cancer
based on the identified research problem. The present study
focuses on differentiating between benign and malignant
breast histopathology images through binary classification
on the BreaKHis dataset, as implemented in the provided
Python scripts.

The objectives of this study include:

(i) To design an effective feature representation scheme
that extracts and incorporates features from various
representational levels derived from a trained
ResNet-34 model, thereby addressing the diverse
morphological patterns prevalent in breast histology.
This objective focuses on modeling discriminative
information at multiple scales (e.g., fine-grained
texture and subtle pathological features), as single-

scale features may be insufficient for comprehensive
histopathological analysis.

(ii) To embed an error-aware learning strategy within
the classification loop so that it minimizes the
detrimental impacts associated with learning from
difficult, ambiguous images or low-confidence
predictions. This is achieved in our approach via an
evidential loss function variant, which assigns higher
penalties for false alarms and misleading predictions.
This approach improves model robustness against
mislabeled samples and erroneous classifications
during training, thereby helping reduce the influence
of prediction errors.

(iii) To construct an evidence-aware classifier that
returns a form of “positive evidence” instead of raw
probabilities for each prediction, thereby aiding
the decision process beyond conventional softmax
outputs. This is motivated by the need for more reliable
prediction interpretation, particularly in cases where
benign and malignant tumors may exhibit visually
similar features. The associated evidence can therefore
support more informed decision-making.

(iv) To evaluate the proposed framework using the
BreaKHis dataset and quantitative evaluation metrics,
including accuracy, precision, recall, specificity,
F1-score, AUC, ROC curve analysis, precision-recall
curve analysis, and confusion matrix-based outcomes,
with a focus on both overall classification performance
and reliability-related aspects.

5.2. Contributions

One of the main contributions of this study is to unify the
concepts of multiscale representation, error awareness,
and evidence awareness into a single pipeline, namely
E?-MCLNet. This study does not simply aim to enhance
classification accuracy. Instead, it focuses on reliability as
a means of achieving improved benign-versus-malignant
breast histopathology classification.

The first technical contribution is the proposed
framework, which extracts features from the mid and late
stages of a pretrained ResNet-34 classifier and merges
them into a single distinct representation. In this way, the
proposed framework captures a multiscale representation
by merging the diverse representations obtained from
three distinct feature depths within the backbone.

The second contribution addresses the training process.
A training strategy for error-aware evidential learning is
described, where classification is no longer just a matter
of predicting probabilities using the Softmax layer.
Instead, the framework estimates belief-based predictions
by relying on evidence through a custom loss function
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designed to improve the reliability-related behavior of the
network.

The third contribution introduces the proposed
Softplus-based evidence generation function employed
in the decision head of the proposed model, making it an
evidence-aware model where, instead of just producing
scores for each class, it produces evidence values
corresponding to the presence of supporting evidence for
assigning an image to a given class. Since evidence values
must always be non-negative, the Softplus activation
function is employed to enforce this constraint. This
evidence-aware mechanism enhances the understanding
of model predictions by providing a clearer indication of
whether the model has accumulated sufficient evidence to
confidently classify an image into a particular class.

The fourth technical contribution lies in the empirical
setup proposed herein. Using the BreaKHis dataset, this
study presents an extensive pipeline showing how evidence
awareness, error sensitivity, and multiscale representations
can be applied to the task of benign-versus-malignant
breast histopathology classification across diverse
medical imagery and how to conduct a comprehensive
evaluation using several performance metrics. This not
only demonstrates the concept of multiscale evidential
learning applied to histopathology, but also provides an
implementation-based methodology with comprehensive
evaluation that can inspire similar medical image analysis
tasks.

The fifth contribution focuses on uniting discriminative
performance with reliability as the ultimate goal in breast
cancer histopathology classification. Existing methods
generally do not achieve both objectives simultaneously
because of inherent tradeoffs in neural network learning,
where learning deep visual features may come at the
expense of explainability or prediction reliability. The
proposed framework addresses this challenge through an
evidence-aware multiscale cascaded learning framework,
which not only learns powerful representations through
cascaded fusion of multiple visual granularities, but also
integrates an error-aware objective and the concept of
evidence.

To summarize,

(i) A novel E>-MCLNet framework is developed for
reliable binary breast histopathology classification.

(ii) A multiscale feature fusion strategy is implemented
using intermediate and deep representations from a
pretrained ResNet-34 backbone.

(iii) Anerror-aware evidentialloss formulation is employed
to improve reliability-aware model optimization.

(iv) An evidence-aware classification head is designed

to model class-supporting evidence for benign and
malignant classification.

(v) The framework is validated on the BreaKHis dataset
using a comprehensive evaluation pipeline with
multiple classification metrics.

6. Proposed methodology

The proposed framework, E*-MCLNet, was developed
for reliable binary breast histopathology classification by
integrating multiscale feature learning with error-aware and
evidence-aware prediction. In the proposed framework,
each BreaKHis input image was resized to a resolution of
224 x 224 pixels and classified into benign or malignant
categories. As shown in Figure 2, the framework consists of
input preprocessing, multiscale feature extraction using a
pretrained ResNet-34 backbone, feature fusion, evidence-
aware classification, and reliability-oriented decision
modeling.

6.1. Input preprocessing and representation

Each input image is represented as a red-green-blue
(RGB) tensor x € R¥»#%2 after resizing to 224 x 224
pixels. The training pipeline applies random horizontal
flipping, random vertical flipping, and color jittering with
brightness and contrast factors of 0.2, followed by tensor
conversion and ImageNet normalization using u = [0.485,
0.456, 0.406] and o = [0.229, 0.224, 0.225]. Validation and
test images undergo resizing, tensor conversion, and the
same normalization values without augmentation.

6.2. Multiscale feature extraction

As shown in Figure 2 and structurally summarized in
Table 3, E>-MCLNet employs a pretrained ResNet-34 as
the backbone feature extractor. Instead of relying only
on the final layer, the framework extracts multiscale
representations from layers 2, 3, and 4 to preserve
complementary information across intermediate texture
patterns and deeper class-discriminative abstractions.

Let B (x) denote the initial convolution, batch
normalization, rectified linear unit (ReLU) activation,
max-pooling, and first residual-stage processing. The
backbone stages are defined as F = L (B (x)), F, = L,(F)),
F,=L,(F,),and F, = L (F,). The selected multiscale features
used for fusion are therefore {F,, F,, and F }.

6.3. Global pooling and multiscale fusion

To transform the selected feature maps into fixed-length
descriptors, adaptive global average pooling is applied to
each selected multiscale branch as p, = GAP(F), where i €
(2,3, 4}.

Based on the implemented ResNet-34 dimensions, the
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Table 3. Layer-wise architectural configuration of the proposed E>-MCLNet framework

Stage Component Operation/configuration Output role
1 Input RGB histopathology image resized to 224 x 224 pixels Standardized input tensor
. Resize, horizontal flip, vertical flip, color jitter, T . .
2 Data preprocessing L Improves training diversity and input consistency
normalization
Initial convolution + batch normalization + ReLU + .
3 Backbone stem Low-level feature extraction

max-pooling

4 Residual stage 1 ResNet-34 Layer 1 Early residual representation

5 Residual stage 2 ResNet-34 Layer 2 Intermediate multiscale feature map F,

6 Residual stage 3 ResNet-34 Layer 3 Deep multiscale feature map F,

7 Residual stage 4 ResNet-34 Layer 4 Deepest multiscale feature map F,

8 Pooling branch 1 Adaptive global average pooling on F, 128-dimensional descriptor p,

9 Pooling branch 2 Adaptive global average pooling on F, 256-dimensional descriptor p,

10 Pooling branch 3 Adaptive global average pooling on F, 512-dimensional descriptor p,

11 Feature fusion Concatenation z = [p; p; p,] 896-dimensional fused feature vector

12 Hidden layer Linear(896->256) + ReLU + Dropout(0.4) Compact discriminative representation

13 Output layer Linear(256-2) Class score projection

14 Evidence activation Softplus Positive evidence vector e

15 Dirichlet modeling a=e+lp= zaa‘ Evidence-aware probability estimation
s

16 Loss function ErrorEvidenceLoss with y = 2.0 Reliability-oriented optimization

Abbreviations: ReLU: Rectified linear unit; RGB: Red-green-blue.

pooled descriptors are p, € R™*, p. € R*¢, and p, € R*"*.

The final multiscale representation is obtained by
concatenation:

z=[psps;p,) ER® (1)

Figure 3 illustrates this fusion process by showing
how pooled descriptors from multiple ResNet-34 stages
are concatenated into a single 896-dimensional feature
vector. This strategy combines fine-to-intermediate-
scale histological texture cues with deeper architectural
information, which is important for distinguishing benign
and malignant breast tissue.

6.4. Evidence-aware classification head

The fused multiscale feature vector z is forwarded to a
compact fully connected head that generates class-wise
evidence. First, the descriptor is projected into a hidden
space of dimension 256 as h = ReLU(W,z + b,), where
h € R*. Here, W, and b, are trainable parameters, and

a dropout layer with probability 0.4 is applied during
training to reduce overfitting. The hidden representation
is then mapped to two class outputs as 0 = W h + b , where
0 €ER.

Unlike  conventional  softmax-based  classifiers,
E?-MCLNet applies a Softplus transformation to obtain
non-negative evidence values:

e,= Softplus (o, ) = log(1+exp(0k )) )

where e, > 0 for each class k € {benign, malignant}. This
ensures that the classifier output is interpreted as positive
class-supporting evidence rather than unconstrained
logits:

ez[el,ez],ek>0 (3)

As shown in Figures 2 and 3, this evidence
transformation is essential because the generated
outputs represent class-supporting evidence rather than
unconstrained logits. This makes the model suitable for
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Figure 2. Architecture of the proposed E>-MCLNet for error- and evidence-aware multiscale breast histopathology classification

evidence-aware inference in reliability-sensitive medical concentration parameters as o, = e, + 1, where k = 1, 2. The
classification tasks. total concentration is S :Z;ak.
6.5. Dirichlet evidence formulation The expected evidence-based class probability is

computed as p, = —% For a one-hot encoded target vector

From the evidence vector e, the model constructs Dirichlet y, the probability aSsigned to the true class is:
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Figure 3. Mathematical flow of multiscale feature fusion and evidential learning in E>-MCLNet

(4)

2
ptrue = k=1 ykpk

This formulation converts the output layer into a
probabilistic evidence model in which the magnitude of the
evidence contributes to the reliability of the final decision.
The Dirichlet construction shown in Figure 3 is therefore
central to the evidence-aware nature of E>MCLNet.

6.6. Error-aware evidential optimization

The training objective is based on the custom
ErrorEvidenceLoss implemented in the notebook. The
evidential classification term is formulated using the
digamma function as:

Ly, = ;)& [‘//(S)*‘//(ak )] (5)

Here, y(-) denotes the digamma function. To make
optimization more sensitive to difficult samples, the loss
is modulated by an error-aware weighting factor derived
from the true-class evidence-based probability:
W, :(l_pz,i )7 (6)

The implementation sets y = 2.0. The final per-sample
loss becomes:

L=wL 7)

For a batch containing N samples, the average objective

EDL,i

is:

(8)
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N
Lo =y (1P i ©)

As shown in Figure 3, this design gives higher
importance to weakly supported or error-prone
predictions, thereby aligning optimization with the goal
of high-reliability classification. Specifically, the model is
encouraged not only to predict correctly but also to learn
stronger evidence for correct predictions and become
more sensitive to difficult cases.

6.7. Training configuration

The model is trained using the AdamW optimizer with a
learning rate of 1 x 10~* and weight decay of 1 x 10™. The
batch size is 32, and the model is trained for 30 epochs.
Mixed-precision training is enabled using automatic casting
and gradient scaling, which improves computational
efficiency while preserving numerical stability. Training
and validation performance are monitored using loss
and accuracy, while final evaluation is conducted using
accuracy, precision, recall, specificity, Fl-score, AUC,
confusion matrix, ROC curve, and precision-recall curve.

6.8. Inference mechanism

At inference time, the trained model generates class-
wise evidence, converts the evidence values to Dirichlet
parameters, and estimates the class probabilities according
to the evidence distribution. The final predicted class is
selected as:

y=arg max p, (10)
k
§ = arg max p, = argmax| &
=argmax p, =argmax| —- | (11)
This prediction rule preserves the evidential

interpretation of the output and supports a reliability-
oriented decision process for binary benign-versus-
malignant breast histopathology classification.

6.9. Methodological interpretation using figures
and table

Figure 2 shows the architectural summary of E>-MCLNet,
from input preprocessing and ResNet-34 multiscale
feature extraction to pooled-descriptor fusion, evidence
generation, and final benign/malignant prediction. Figure
3 displays the mathematical flow of multiscale mapping,
descriptor concatenation, evidence generation, Dirichlet
construction, and error-aware evidential optimization.
Table 3 presents the layer-wise configuration and the
role of each component in producing reliability-oriented
predictions.

Figure 2 presents the overall network architecture of
E?-MCLNet. A preprocessed breast histopathology image
is passed through a pretrained ResNet-34 backbone, from
which multiscale features are extracted from intermediate
and deep residual stages. After adaptive global average
pooling, the pooled descriptors are concatenated and
forwarded to an evidence-aware fully connected head.
The final outputs are non-negative class-wise evidence
values that support reliability-oriented benign/malignant
classification.

Figure 3 summarizes the mathematical pipeline of
E?-MCLNet, beginning with the input image tensor and
continuing through backbone feature extraction, adaptive
pooling, multiscale fusion, hidden-layer projection,
evidence generation, Dirichlet parameter construction,
and error-aware evidential optimization. It highlights how
multiscale representation learning and reliability-aware
learning are integrated in a single end-to-end framework.

7. Experimental setup

The experimental setup of the proposed E2-MCLNet
framework was designed to provide an implementation-
consistent evaluation for binary breast histopathology
classification. The experiments were performed on the
publicly available BreaKHis dataset (Spanhol et al., 2016),
downloaded wusing the kagglehub.dataset_download
function (“ambarish/breakhis”). The classification task
was formulated as a two-class problem, where images
containing the term “benign” in their file path were
assigned label 0 (negative class), and images containing
the term “malignant” were assigned label 1 (positive
class). The dataset loader recursively searched for all
“png” images under the dataset root and retained only
those paths satisfying this benign/malignant labeling rule.
The dataset was partitioned into training, validation, and
testing subsets using a fixed 70:15:15 random split with
torch.Generator().manual_seed(42). The reported results
are therefore based on this single fixed split, rather than
k-fold cross-validation.

The proposed model used a pretrained ResNet-34 as the
feature extraction backbone. Instead of relying on a single
final-layer representation, the implementation extracted
multiscale features from layers 2, 3, and 4, followed by
adaptive global average pooling and concatenation into an
896-dimensional fused feature vector. This fused descriptor
was forwarded to an evidence-aware classification head
consisting of Linear(896>256), ReLU, Dropout(0.4), and
Linear(256->2). The final output layer employed Softplus
activation to produce non-negative class-specific evidence
values rather than conventional logits. The complete
experimental configuration is summarized in Table 4.
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Before training, all images were resized to a resolution
of 224 x 224 pixels to match the input requirement of
the pretrained backbone. As summarized in Table 5,
the training pipeline incorporated random horizontal
flipping, random vertical flipping, and color jittering
with brightness and contrast parameters of 0.2, followed
by tensor conversion and normalization using ImageNet
mean values [0.485, 0.456, 0.406] and standard deviation
values [0.229, 0.224, 0.225]. For validation and testing,
augmentation was removed, and only resizing, tensor
conversion, and normalization were retained.

Training was performed using the AdamW optimizer
with a learning rate of 1 x 10™* and weight decay of 1 x
107 The batch size was 32, and the number of training
epochs was 30. The loss function was the custom
ErrorEvidenceLoss with y = 2.0, enabling error-aware
evidential optimization. Mixed-precision training was
explicitly enabled through autocast and GradScaler. Data
loading used PyTorch DataLoader instances with num_
workers = 2 and pin_memory = True for the training,
validation, and test loaders:

Table 4. Experimental configuration of the proposed E>-MCLNet framework

Category Configuration item Value extracted from notebook

Dataset Dataset source BreaKHis via kagglehub.dataset_download(“ambarish/breakhis”)
Task Classification type Binary classification

Labels Class mapping Benign = 0, malignant = 1

Input Image size 224 x 224 pixels

Split Data partitioning Train 70%, validation 15%, test 15%
Reproducibility Split seed torch.Generator().manual_seed(42)

Backbone Feature extractor Pretrained ResNet-34

Multiscale branches

Selected feature stages

Layer 2, layer 3, layer 4

Pooling Global pooling type Adaptive average pooling to 1 x 1 per branch
Fusion Fused descriptor size 896

Classifier head Hidden layer Linear(896->256) + ReLU
Regularization Dropout 0.4

Output layer Final projection Linear(256->2)
Evidence activation Output nonlinearity Softplus

Loss Training objective ErrorEvidenceLoss
Loss hyperparameter Gamma 2.0

Optimizer Optimization method AdamW
Learning rate Initial learning rate 1x10™*

Weight decay Regularization term 1x10™*

Batch size Mini-batch size 32

Epochs Training epochs 30

Precision mode

Mixed precision

Enabled via autocast and GradScaler

Device logic

Execution device

CUDA if available, else CPU

Data loading

Number of workers

2

Data loading

Pin memory

True

Abbreviations: CPU: Central processing unit; CUDA: Compute unified device architecture; ReLU: Rectified linear unit.
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Table 5. Data preprocessing, augmentation, and training parameters used in the experiments

Stage

Operation

Exact setting from notebook

Training preprocessing
Training augmentation
Training augmentation
Training augmentation

Training preprocessing

Resize
Horizontal flip
Vertical flip
Color jitter

Tensor conversion

Training preprocessing Normalization mean

Training preprocessing Normalization std

Test/validation .

. Resize
preprocessing
Test/validation .

. Tensor conversion
preprocessing
Test/validation L

. Normalization mean
preprocessing
Test/vahdajﬂon Normalization std
preprocessing
Dataset parsing File pattern
Dataset filtering Label assignment rule
Train loader Shuffle
Validation loader Shuffle
Test loader Shuffle

Loader settings num_workers

Loader settings pin_memory

Training Batch size
Training Epochs
Training Optimizer
Training Learning rate
Training Weight decay
Training Loss
Training Gamma in loss

transforms.Resize((224, 224))
transforms.RandomHorizontalFlip()
transforms.Random VerticalFlip()
transforms.ColorJitter(0.2, 0.2)
transforms.ToTensor()
[0.485, 0.456, 0.406]

[0.229, 0.224, 0.225]

transforms.Resize((224, 224))

transforms.ToTensor()

[0.485, 0.456, 0.406]

[0.229, 0.224, 0.225]

Recursive search for **/*.png
File path contains “benign” or “malignant”
True
False
False
2
True
32
30
AdamW
1x10™*
1x10™*
ErrorEvidenceLoss

2.0

DEVICE = torch.device(“cuda” if torch.cuda.is_available()
else “cpu”)

The execution device was selected dynamically: compute
unified device architecture-enabled graphics processing
unit was used when available; otherwise, the model was
executed on the central processing unit. The evaluation
metrics calculated for binary breast cancer histopathology
classification were accuracy, precision, recall, specificity,
Fl-score, and AUC, along with the confusion matrix,
ROC curve, and precision-recall curve. This evaluation
setup was designed to test whether multiscale fusion and

evidence-aware learning improve reliability in the fixed-
split BreaKHis binary classification task.

8. Results and discussion

Using the single fixed 70:15:15 train-validation-test split
described in Section 7, E>-MCLNet achieved high and
balanced performance on binary breast histopathology
image classification. The reported accuracy, precision,
recall, specificity, Fl-score, and AUC were 97.6411%,
98.0296%, 98.5149%, 95.7784%, 98.2716%, and 0.9974,
respectively, as summarized in Table 6. These values
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indicate that the framework can classify both benign and
malignant patterns with strong threshold-independent
and class-wise diagnostic performance.

Table 6. Final performance metrics of the proposed
E*>-MCLNet

Metric Value

Accuracy 97.6411%
Precision 98.0296%
Recall 98.5149%
Specificity 95.7784%
F1 score 98.2716%
Area under the curve 0.9974

The high precision suggests a strong likelihood that
samples predicted as malignant genuinely represent
malignant cases, reducing false-positive predictions.
Likewise, the excellent recall indicates that most malignant
cases were correctly identified, which is important for
breast cancer prediction. The high F1-score demonstrates
a favorable balance between precision and recall, while
the high specificity indicates that benign cases were
reliably identified. The high AUC further demonstrates
the proposed model’s ability to distinguish between classes
across different classification thresholds.

8.1. Training and validation behavior

Figures 4 and 5 illustrate the learning curve behavior
after optimization. Training loss decreases consistently
throughout the training process, while validation loss
decreases initially before exhibiting minor fluctuations
after several epochs. The continuous reduction in training
loss demonstrates effective optimization, whereas the
fluctuations in validation loss indicate variations caused by
sample-level differences across training epochs. However,
these fluctuations do not produce a substantial divergence
between training and validation losses, suggesting that
the proposed framework, supported by transfer learning,
regularization strategies, and evidential optimization,
mitigates excessive overfitting.

As depicted in Figure 5, training accuracy increases
within a few epochs and gradually stops improving.
Validation accuracy follows a similar growth curve, closely
trailing training accuracy over most training phases. This
correspondence suggests that the learned features are
distinguishable between class samples instead of being just

specific traits observed in the training set. The presence of
minor variations throughout the training curve represents
normal variability related to the specific samples used for
training during those periods. Validation accuracy remains
closely aligned with training accuracy over the entire
learning curve, indicating that the classifier has learned
distinguishable features rather than solely memorizing
specific training data samples.

The decrease in training loss indicates that optimization
successfully improved the model parameters toward a
better fit on training examples. Conversely, validation loss
decreased initially but showed some fluctuation in later
epochs, suggesting mild overfitting tendencies. However,
test performance remained strong, indicating that the
model maintained effective generalization on the evaluated
dataset.

8.2. Receiver operating characteristic and precision-
recall analysis

Figure 6 shows the threshold-independent performance
(represented by the ROC curve) of the classifier proposed
in this study. Figure 7 shows the threshold-sensitive
performance (represented by the precision-recall curve)
of the classifier.

Based on Figure 6, the proposed classifier exhibits
a large area under the ROC curve (AUC = 0.9974). The
ROC curve is close to the top-left corner, indicating strong
discrimination between benign and malignant classes.
A classifier with ROC curve close to the top-left corner
generally demonstrates high sensitivity and specificity
across different decision thresholds. Therefore, the
classifier can retain good diagnostic power across different
decision thresholds.

As shown in Figure 7, the area under the precision-
recall curve for the proposed classifier remains high across
different decision thresholds, indicating that the classifier
can simultaneously maintain both good precision and
recall. This demonstrates the effectiveness of the proposed
classifier in achieving balanced classification performance.

8.3. Confusion-matrix analysis

Figure 8 and Table 7 provide the confusion-matrix details
using the consistent class definition that benign is the
negative class and malignant is the positive class. Among
benign cases, 363 were correctly classified as benign and
16 were false positives, indicating that benign samples
were predicted as malignant. Among malignant cases,
796 were correctly classified as malignant and 12 were
false negatives, indicating that malignant samples were
predicted as benign.
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Figure 4. Training and validation loss curves of the proposed E>-MCLNet

Figure 5. Training and validation accuracy curves of the proposed E>-MCLNet model
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Figure 6. ROC curve of the proposed E>-MCLNet model
Abbreviations: AUC: Area under the curve; ROC: Receiver operating characteristic.

Figure 7. Precision-recall curve of the proposed E>-MCLNet model
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Figure 8. Confusion matrix of the proposed E>-MCLNet model

Table 7. Confusion matrix of the proposed E>>MCLNet

Actual/predicted Benign Malignant
Benign 363 16
Malignant 12 796

The confusion matrix directly explains the strong
quantitative metrics. The low number of false negatives
supports the high recall of 98.5149%, while the limited
number of false positives contributes to the high precision
and specificity. Thus, E*-MCLNet maintained strong
performance across both the negative benign class and the
positive malignant class, which is important for medical
image classification and potential clinical decision-support
applications.

8.4. Comparative performance analysis

According to Table 8, E>-MCLNet achieved the highest
values among the listed evaluation metrics, attaining

97.64%, 98.03%, 98.51%, 98.27%, and 95.78% for accuracy,
precision, recall, Fl-score, and specificity, respectively.
VMCSAN U Lite ranks second in terms of accuracy
at 93.59%. Based on Table 8, E>-MCLNet achieved an
improvement of approximately 4.05 percentage points
compared with VMCSAN U Lite (93.59% to 97.64%).

The improvement is not limited to overall accuracy.
E?>-MCLNet also achieved the highest precision, recall,
Fl-score, and specificity among the compared methods.
This suggests that combining multiscale ResNet-34
feature fusion with error-aware evidential optimization
and evidence-aware reasoning provides a stronger
representation and decision mechanism than the listed
RNN-based, hybrid sequential, transformer, and Vision
Mamba-based models for this binary histopathology
classification task.

8.5. Metric visualization

The overall performance characteristics of the proposed
approach are presented in Figure 9, where all relevant
metric values remain high and closely balanced. This
indicates that the proposed method achieves strong
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Table 8. Comparative performance analysis of E>-MCLNet and baseline models

Model Accuracy (%) Precision (%) Recall (%) F1 score (%) Specificity (%)
LSTM 90.92 78.20 86.10 86.00 60.49
BiLSTM 86.03 85.47 86.03 85.66 85.47
LSTM + BiLSTM 83.51 85.60 83.51 84.20 59.97
CNN + LSTM + BiLSTM 89.51 89.09 89.51 89.09 61.19
ViT + Vision Mamba + MOE 88.89 90.74 88.89 88.60 75.10
ViT + Vision Mamba 88.56 90.54 88.56 89.08 88.27
VMCSAN U Lite 93.59 82.63 88.52 91.02 94.96
The proposed E>-MCLNet 97.64 98.03 98.51 98.27 95.78

Abbreviations: BILSTM: Bidirectional long short-term memory; CNN: Convolutional neural network; LSTM: Long short-term memory; MOE: Mixture

of experts; ViT: Vision transformer.

classification performance across multiple evaluation
criteria without sacrificing any major performance metric.
Such balance is important in medical image classification
applications because the model must detect malignant
cases with high recall while also recognizing benign cases
with high specificity and maintaining low false-positive
and false-negative rates.

Figure 10 shows the comparison of E>-MCLNet with

baseline and advanced models using accuracy, precision,
recall, Fl-score, and specificity. The proposed model
achieved the best performance across all five metrics:
97.64% accuracy, 98.03% precision, 98.51% recall, 98.27%
F1-score, and 95.78% specificity.

Figure 11 provides a qualitative illustration of
the classification strategy employed by the proposed
E>-MCLNet approach. Figure 11A shows an input

Figure 9. Performance metric bar chart of the proposed E>-MCLNet model
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Figure 10. Comparative performance plot of E>-MCLNet and baseline models

Abbreviations: BILSTM: Bidirectional long short-term memory; CNN: Convolutional neural network; LSTM: Long short-term memory; MOE: Mixture

of experts; ViT: Vision transformer.

Figure 11. Custom feature activation heatmap of the proposed E>-MCLNet model: (A) Input sample (class: malignant) and (B) feature extraction

heatmap

malignant histopathology image sample, whereas Figure
11B shows a custom feature activation heatmap obtained by
averaging the channel activations of the features extracted
for the image and overlaying the normalized activations
on the input image. The warmer color regions indicate the
areas of the image that contributed more strongly to the
final malignant prediction of the E>-MCLNet approach. As

shown in Figure 11B, these highlighted areas correspond
to tissue structures relevant to malignant classification,
indicating that the model successfully captured task-
relevant information. This qualitative visual explanation
provides additional insight into the model decision process
by showing that the classification predictions are associated
with specific image regions.
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Overall, E>-MCLNet provides a strong framework for
binary breast histopathology classification. The training/
validation curves indicate effective learning, the ROC and
precision-recall curves show strong discrimination across
decision thresholds, and the confusion matrix confirms a
low number of false-positive and false-negative outcomes.
In addition, the comparative analysis shows that the
proposed framework achieved higher performance than
the listed baseline methods across the selected evaluation
metrics.

9, Conclusion

This study developed the E?-MCLNet framework, an
error- and evidence-aware multiscale learning framework
for reliable breast cancer histopathology classification. The
framework combines multiscale features from intermediate
and deep stages of a pretrained ResNet-34 backbone with a
Softplus-based evidential classification head and an error-
aware loss function. The objective is to improve benign-
versus-malignant breast histopathology classification by
integrating discriminative feature fusion with evidence-
aware and reliability-oriented learning.

The proposed E>-MCLNet framework yielded
promising results on the breast cancer histopathology
dataset. The classification accuracy, precision, recall,
specificity, F1-score, and AUC obtained were 97.6411%,
98.0296%, 98.5149%, 95.7784%, 98.2716%, and 0.9974,
respectively. The proposed framework achieved higher
performance than not only all baseline methods but also
other advanced deep learning techniques reported in prior
studies according to the main metrics considered. For
instance, it surpassed methods such as YOLOv5+ResNet34
(accuracy = 93.05%), EfficientNetB5+SE module (accuracy
=94.09%), ResNeXt-50 (accuracy = 95.39%), M-DenseNet
(accuracy = 96.56%), ResNet34-U-Net (accuracy =
96.71%), and Vision Transformers (accuracy = 96.87%).
The results from the confusion matrix demonstrate a
low number of false positives and false negatives, and
the qualitative heatmap example indicates that the model
captures regions contributing to classification decisions.
This demonstrates the effectiveness of our framework for
binary classification of breast histopathology images.

From a methodological view, this study advances
reliability-focused  classification for breast cancer
histopathology beyond single-scale, probability-centric
approaches by fusing features across multiple scales and
jointly considering evidence-based inference and error
minimization. This offers a coherent solution that aims to
enhance predictive performance and reliability-oriented
decision-making, contributing to the development of
trustworthy Al in computational pathology.

10. Future recommendations

Future research should extend the proposed method
to additional histopathology datasets and multi-class
diagnostic settings beyond the benign-versus-malignant
BreaKHis task. Further work should also evaluate
robustness under stain variation, scanner variation,
external institutional datasets, and patient-level cross-
validation. In addition, future studies can investigate other
backbones, CNN-transformer hybrids, and larger-scale
real-world datasets to determine whether the error-aware
and evidence-aware learning strategy provides consistent
reliability gains across architectures and different clinical
settings.
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