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Introduction of HistopathAI, a novel
hybrid network structure that merges
SCL strategies, specifically tailored for
imbalanced data, with a CE loss
function to bolster histopathology
image classification.
Introduction of the HDFF technique
that amalgamates feature vectors
from both EfficientNetB3 and
ResNet50, yielding a more
comprehensive representation of
histopathology images.
Implementation of a stepwise
methodology that transitions from
feature learning to classifier learning,
resonating with the foundational
concept of contrastive learning to
refine the normalized embedding
space.
Comprehensive training and testing
of our model for diverse
histopathology domains, utilizing
seven publicly accessible datasets
along with one private dataset,
resulting in state-of-the-art
performance and demonstrating the
generalizability of our framework.
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Introduction: Cancer is a leading cause of death worldwide, necessitating effective diagnostic tools for
early detection and treatment. Histopathological image analysis is crucial for cancer diagnosis but is often
hindered by human error and variability. This study introduces HistopathAI, a hybrid network designed
for histopathology image classification, aimed at enhancing diagnostic precision and efficiency in clinical
pathology.
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Objectives: The primary goal of this study is to demonstrate that HistopathAI, leveraging supervised con-
trastive learning (SCL) and hybrid deep feature fusion (HDFF), can significantly improve the accuracy of
histopathological image classification, including scenarios involving imbalanced datasets.
Methods: HistopathAI integrates features from EfficientNetB3 and ResNet50, using HDFF to provide a
rich representation of histopathology images. The framework employs a sequential methodology, transi-
tioning from feature learning to classifier learning, mirroring the essence of contrastive learning with the
aim of producing superior feature representations. The model combines SCL for feature representation
with cross-entropy (CE) loss for classification. We evaluated HistopathAI across seven publicly available
datasets and one private dataset, covering various histopathology domains.
Results: HistopathAI achieved state-of-the-art classification accuracy across all datasets, demonstrating
superior performance in both binary and multiclass classification tasks. Statistical testing confirmed that
HistopathAI’s performance is significantly better than baseline models, ensuring robust and reliable
improvements.
Conclusion: HistopathAI offers a robust tool for histopathology image classification, enhancing diagnos-
tic accuracy and supporting the transition to digital pathology. This framework has the potential to
improve cancer diagnosis and patient outcomes, paving the way for broader clinical application. The code
is available on https://github.com/Mamunur-20/HistopathAI.
� 2024 Published by Elsevier B.V. on behalf of Cairo University. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction

Cancer is one of the leading causes of death globally, with
approximately 10 million lives lost in 2020. According to the Inter-
national Agency for Research on Cancer (IARC), one in five individ-
uals will be diagnosed with cancer during their lifetime [1]. While
the most diagnosed cancers in 2020 were breast, lung, and colorec-
tal cancers, the deadliest were lung, colorectal, and liver cancers.
Pediatric cancer is also a notable concern, with 400,000 annual
diagnoses, and the types of cancers can vary significantly by region
[2]. The gravity of these statistics highlights the urgent need for
enhanced diagnostic and therapeutic strategies. Early detection is
vital, requiring early diagnosis and screening. Early diagnosis
focuses on prompt identification for better treatment outcomes,
while screening proactively detects cancers or precancerous condi-
tions in those without symptoms. Following any detected abnor-
malities, thorough investigations are essential to ascertain a
diagnosis and facilitate timely treatment.

Histopathological image analysis is the gold standard for cancer
diagnosis, traditionally relying on microscopic slide studies [3].
However, despite its long-standing use, evaluations by patholo-
gists can be subjective and prone to errors, with inconsistencies
observed both between and within observers. For example, breast
cancer subtyping and prostate cancer grading by expert patholo-
gists have shown accuracy rates as low as 57.08% [4] and agree-
ment rates of 57.90% [5], respectively. To enhance accuracy and
consistency, there is a growing trend towards digitizing this pro-
cess, using artificial intelligence (AI) and computer-aided diagnosis
(CAD) systems. Notably, convolutional neural networks (CNNs) are
making waves in this domain, autonomously extracting vital infor-
mation from raw images without the need for preprocessing, offer-
ing promise for improved histopathological image diagnosis.

Incorporating technological advancements, various image clas-
sification methodologies have emerged. The detection and diagno-
sis of cancers, particularly in their early stages, have been
significantly improved with advances in image classification
methodologies. Machine learning (ML) techniques, specifically
deep learning (DL) using CNNs, have made a transformative impact
on histopathology image classification for various types of cancers
and pre-invasive lesions [6]. Among them, breast, colorectal, and
gastric cancers have seen a vast improvement in diagnostic accu-
racy due to innovative approaches like transfer learning [7,8],
ensemble learning [9], and self-supervised learning [10]. Further-
more, novel algorithms and architecture models have been pro-
posed for optimizing image classification tasks [11–17]. In the
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context of colorectal cancer, traditional ML models with manually
extracted features have demonstrated promising accuracy [18–22],
while DL models have further expanded the landscape of diagnos-
tic tools [23–32]. As for gastric cancer, the introduction of DL mod-
els [33–38] in histopathology image classification has led to
significant improvements over traditional imaging techniques
[39–41]. Despite these advancements, challenges remain, particu-
larly in managing imbalanced data, emphasizing varying levels of
semantics, and improving the transferability of features across dif-
ferent domains.

While existing methods show promising accuracy, they often
face challenges from employing cross-entropy (CE) loss functions
and focusing on binary classification, potentially restricting their
real-world applicability considering the myriad of cancer variants.
Notably, many methods lack generalizability. Traditional methods
utilizing CE loss can produce biased classifiers. In contrast, super-
vised contrastive learning (SCL) loss encourages tighter intraclass
features and clear interclass separation (Fig. 1), highlighting its
potential for superior accuracy in histopathology image classifica-
tion. However, most approaches prioritize high-level semantics,
neglecting mid- and low-level details. This, combined with the nat-
ure of typical loss functions, could unintentionally hinder the
transferability of features across domains.

In response to these challenges, we developed HistopathAI, a
novel framework that explores SCL strategies tailored to learning
from imbalanced data, with the specific aim of enhancing
histopathology image classification. HistopathAI employs a hybrid
network structure that combines the benefits of a SCL function,
which helps in learning image representations, with a CE loss func-
tion, which aids in learning classifiers. To make our framework
even more robust, we incorporated hybrid deep feature fusion
(HDFF). This technique combines feature vectors from Effi-
cientNetB3 and ResNet50, making our representation of
histopathology images richer and more comprehensive. This
unique structure is grounded in the principle that superior classi-
fiers emerge from superior features. Our methodology progresses
gradually from feature learning to classifier learning, reflecting
the core idea of SCL: bringing samples of the same class closer
together in the embedding space while distancing samples of dif-
ferent classes. HistopathAI is designed to yield less skewed features
and, consequently, less biased classifiers.

Studies show that contrastive learning methods effectively cap-
ture and adapt low-to-mid level information across various
domains [42]. Building on the proposition that minimizing intra-
class variation might limit supervised CE models [43], we advocate
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Fig. 1. Comparison of feature learning: CE loss (top right) results in skewed features and biases, while SCL loss (bottom right) emphasizes intraclass cohesion and interclass
separation.
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an optimal level of intraclass variation for the effective transfer of
learned representations to varying domains. Unlike standard CE
models, contrastive methods achieve more substantial interclass
separation, which likely contributes to their enhanced transferabil-
ity. Moreover, our comprehensive evaluations, utilizing seven pub-
licly accessible datasets and one private dataset from diverse
histopathology domains, show that models using contrastive
losses display greater robustness against various image corrup-
tions. They also offer better-calibrated class probabilities, which
more precisely mirror the true likelihood of correctness.

The remainder of this paper is organized as follows. After a brief
review of relevant literature in the Background section, we present
the proposed methodology in the Methods section. The used data-
sets and experimental approach to evaluate the proposed method-
ology are described in the Experiments section, while the
outcomes are presented in the Results section, which we further
reflect on in the Discussion section. Finally, the Conclusion section
summarizes the main findings of our study.

Background

Following on from the introduction in the previous section, we
briefly review recent advances in histopathology image classifica-
tion for breast, colon, and gastric cancer diagnosis, reflecting the
focus on these cancer types in the public and private datasets used
in our experiments (see Table 1 for a summary of these advance-
ments along with their strengths and limitations).

Recent advances in breast histopathology image classification (BHIC)

CNNs have greatly advanced BHIC since 2014, enhancing fea-
ture learning and accuracy [6]. Transfer learning, using networks
like VGG16 and ResNet50, has been fundamental [7,8]. Contribu-
tions also include dark knowledge transfer and multiclass classifi-
cation with Xception [44,45].

Hybrid models, combining CNNs with graph convolutional net-
works (GCNs) and generative adversarial networks (GANs), are
emerging [11,12]. BHCNet, for instance, achieved a 98.87% accu-
racy on the BreaKHis dataset [13]. Additionally, self-supervised
learning, like the DARC framework, and novel feature extraction
methods are advancing histopathological image analysis [46,47].

The field also witnessed remarkable results with deep transfer
learning, especially with algorithms like the sparrow search algo-
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rithm [14]. Ensemble learning is another area of rapid growth, with
architectures such as CSAResNet, DAM-CNN, and DEEP_Pachi
enhancing feature learning capabilities [48–61]. Additionally, cap-
sule networks have seen improvements with the incorporation of
Res2Net blocks and convolutional layers. Solutions addressing
challenges like overfitting, such as DRDA-Net, are also emerging
[15,16]. The Dependency-Based Lightweight CNN (DBLCNN) is
another remarkable contribution, recognized for its efficiency and
performance in multi-classification tasks [17,62,7,63–67].

While BHIC has seen promising advances, challenges remain.
Models struggle with generalizability due to variations in image
preparation and acquisition. Many studies use private datasets,
making performance comparisons difficult. The emphasis is mainly
on binary classification, overlooking the importance of multiclass
tasks. Additionally, while prioritizing high-level semantics, the
value of low-level and mid-level details is often underestimated.

Recent advances in colorectal histopathology image classification
(CHIC)

Earlier CHIC studies leveraged ML with handcrafted features,
achieving accuracies from 91.3% with texture features [20] to
99.5% using local binary patterns (LBP) and support vector machi-
nes (SVM) [18]. An evaluation of the performance of a wide range
of texture descriptors and classifiers led to high accuracies of up to
98.6% [22].

The advent of DL brought forward innovative methodologies
with notable results. Restricted Boltzmann Machines (RBMs)
achieved 96.11% accuracy in a semi-supervised setting [23]. Adap-
tive CNN models, combined with architectures like DenseNet121,
demonstrated high accuracies, with some reaching up to 97.2%
on specific datasets [31]. ResNet50 also showcased efficacy, partic-
ularly on private datasets [32].

Recent studies proposed methods such as TransPath [68],
ConvNeXt-L [69], DenseNet121 [70], and MoCo v2 [71]. While
these methodologies advanced the CHIC domain, they show limita-
tions. For instance, some rely heavily on specific architectures,
potentially compromising adaptability across varied datasets.
Others may not adequately address data imbalances, potentially
affecting diagnosis reliability.

Despite the advances, challenges remain. Emphasis on binary
classification neglects crucial multiclass categorization due to the
multifaceted nature of cancer. Questions on model versatility



Table 1
Summary of related work in histopathology image classification.

Methods Area Strengths Limitations

CNNs (since 2014) [6–8] Breast Enhanced feature learning and accuracy. Limited generalizability across diverse datasets.
Foundational for further developments. Struggles with imbalanced data.
Transfer learning has been effective. High computational cost.

Overfitting on small datasets.

Hybrid Models (e.g., GCNs,
GANs) [11,12]

Breast High accuracy (e.g., 98.87% with BHCNet). Complexity in model design and training.

Advanced feature extraction methods. Limited scalability.
Generalization to new data is challenging.

Ensemble Learning (e.g.,
CSAResNet, DAM-CNN)
[48–61]

Breast Improved robustness and performance. High computational complexity.

Combines strengths of multiple models. Susceptibility to overfitting.
Enhances feature learning capabilities. Limited generalizability in diverse environments.

Capsule Networks [15,16] Breast Improved performance on multiclass tasks. Computationally intensive.
Better handling of spatial hierarchies. Limited success on imbalanced datasets.

Complex to interpret.

ML with Handcrafted
Features [20,18,22]

Colorectal High accuracy with specific feature sets. Poor performance on diverse, large-scale datasets.

Foundational techniques for further research. Limited adaptability and scalability.

Deep Learning (e.g., RBMs,
Adaptive CNNs)
[23,31,32]

Colorectal High accuracy, effective for various datasets. Struggles with data imbalance.

Robust performance in semi-supervised settings. Limited generalization to new data.
High computational demands.

Recent Methods (e.g.,
TransPath, ConvNeXt-L,
DenseNet121, MoCo v2)
[68–71]

Colorectal Advanced architectures providing state-of-the-art
performance.

Generalizability issues across varied datasets.

Inadequate handling of imbalanced datasets.

DL Models (e.g., CNNs on
WSIs) [33,72,34,36–38]

Gastric High performance on large-scale data. High dependency on dataset characteristics.

Robust feature extraction methods. Limited success on generalizing to new domains.

VGG16 for GHIC [73,74] Gastric Proven architecture, good baseline for comparisons. May not capture all relevant feature nuances.
Struggles with generalization across diverse datasets.

Ensemble Methods (e.g.,
EfficientNet + DenseNet)
[78–80]

Gastric Combines strengths of multiple architectures. Resource-intensive.

High accuracy. Limited generalization across different
environments.

Complex to integrate and maintain.
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across diverse datasets and imbalanced data issues underscore the
need for further research to develop more holistic classification
models.

Recent advances in gastric histopathology image classification (GHIC)

Gastric cancer detection has evolved with imaging techniques
like gastroscopes [39], X-rays [40], and CT scans [41], but
histopathological analysis of H&E tissue slides remains the gold
standard, spurring GHIC research.

DL models have been paramount. CNNs on whole slide images
(WSIs) [33], random forests for graph feature extraction [72], resid-
ual networks [34], and segmentations using DeepLabV3 and
ResNet50 on H&E slides [36] have shown promising results, as
have multiscale patterns [37] and optimized InceptionV3 networks
[38].

Recent methodologies encompass diverse strategies. The poten-
tial of VGG16 was examined in GHIC [73,74], while techniques like
CCF-GNN and MCLNet offer new perspectives [75,76]. Approaches
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like MLP IN MLP (MIM) [77], ensemble methods integrating Effi-
cientNet and DenseNet [78], and models like GasHis-Transformer
and CAM-VT have provided new insights [79,80].

Notwithstanding great progress, challenges persist, from data
dependency to skewed feature extraction, diverse cancer catego-
rization, and cross-domain feature transferability, emphasizing
the need for continual research.

Methods

The proposed HistopathAI framework (Fig. 2) enhances
histopathology image classification by integrating advanced DL
models with a specialized two-phase training strategy for
improved diagnostic accuracy. The framework involves several
key components: data preprocessing and storage, probabilistic
data augmentation, feature extraction using two models, and a
dual-stage training process utilizing SCL and CE loss functions.
Here we provide a formal description of the computational steps
of HistopathAI, the used model architecture, contrastive learning



Fig. 2. The HistopathAI framework and evaluation workflow. (a) Image and label acquisition. (b) TFRecord file creation. (c) Probabilistic data augmentation. (d) Stage 1:
encoder and projection head pretraining with supervised contrastive loss. (e) Stage 2: classifier training with a frozen encoder. (f) Classification performance evaluation. (g)
Robustness and performance statistical tests against other algorithms.
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approach, loss function, training strategy, and implementation
details.

Formal description

HistopathAI performs the following computational steps
(Fig. 3). To efficiently store and access data during training, the
Input Image and Label

TFRecords Creation

Read TFRecords

Image Augmentation

EfficienentNetB4 Feature Extraction

Feature Extraction and Model Training

ResNet50 Feature Extraction

Projection Head

Apply SCL Loss

Feature Concatenation

Fig. 3. Formal description of the computatio
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input images Xi RW H C , each having C channels with a width
of W pixels and a height of H pixels, together with their corre-
sponding labels Li, are first converted to TensorFlow Record (TFRe-
cord) files:

TFRecord Xi Li TFRecordfile
Fine Tuning and Classification

Classifier Network (Dense Layers)

Dropout Layer

Output Prediction

Optimize with CE Loss

EfficienentNetB4 Feature Extraction ResNet50 Feature Extraction

Feature Concatenation

nal steps of the HistopathAI framework.
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When training begins, the images and labels are read from their
TFRecord files:

X L ReadTFRecord TFRecord files

Next, various augmentations are applied to the images to enhance
the model’s robustness:

X Augment X

The specific augmentations used, including the types of transforma-
tions and their probabilities, are detailed in the Probabilistic Aug-
mentation subsection of the Experiments section.

The augmented images X are then passed through two pre-
trained DL models: EfficientNetB3 and ResNet50. For each layer l
of EfficientNetB3, the input X l is processed successively by convo-
lution (Conv), batch normalization (BatchNorm), and rectified lin-
ear unit (ReLU) activation to produce the output X l 1, which is
the input to the next layer l 1:

X l 1 ReLU BatchNorm Conv X l

The final feature vector after passing through all layers of Effi-
cientNetB3 is obtained by a global average pooling (GlobalAvgPool)
operation:

FEff X GlobalAvgPool X final

The second model, ResNet50, operates using residual blocks,
defined as:

X l 1 X l

ReLU BatchNorm Conv ReLU BatchNorm Conv X l

The final feature vector after passing through all the residual blocks
and a global average pooling layer in ResNet50 is:

FRes X GlobalAvgPool X final

The feature vectors from both models are then concatenated
(concat):

Fconcat X FEff X FRes X

Next, the concatenated feature vector is passed through a projection
head, which consists of a multilayer perceptron (MLP) with one hid-
den layer. The MLP maps the representations from the base encoder
to a 128-dimensional latent space, where the contrastive loss is
applied. Here, Dense128 represents a dense (fully connected) layer
with 128 output units. The hidden layer utilizes a ReLU activation
function to introduce nonlinearity, enabling the model to learn
more complex and discriminative feature representations:

Z X ReLU Dense128 Fconcat X

The SCL loss is then applied to learn robust feature representations.
In the fine-tuning stage, the encoder weights are frozen, and a clas-
sifier is trained on the learned features.

The concatenated feature vector is passed through the classifier
network, which consists of several layers designed to transform the
feature vector into class predictions. First, the vector is passed
through a dense (fully connected) layer with 1000 output units,
denoted as Dense1000, followed by ReLU activation to introduce
nonlinearity. To prevent overfitting, a dropout layer with a dropout
rate of 0.5, denoted as Dropout0 5, is also applied:

H1 X Dropout0 5 ReLU Dense1000 Fconcat X

The output is then passed through another dropout layer with a
dropout rate of 0.5 to further refine the feature vector:

H2 X Dropout0 5 H1 X

Finally, the transformed vector is passed through another dense
layer, DenseNclasses

, where Nclasses is the number of output units corre-
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sponding to the number of classes in the classification task. A Soft-
max activation function is then applied to produce the final class
probabilities:

Y Softmax DenseNclasses
H2 X

The model’s predictions are optimized using the CE loss, described
below.

Model architecture

We adopt an integrated approach, leveraging the strengths of
EfficientNetB3 and ResNet50 models to enhance histopathology
image classification. EfficientNet’s advanced scaling capabilities
excel in processing intricate histology images, while ResNet’s deep
residual learning framework captures complex patterns within the
data. Their combined feature extraction spans a broad spectrum of
histopathological characteristics, enhancing the model’s resilience
and interpretability.

EfficientNetB3 model
Traditionally, enhancing CNN models involves arbitrary adjust-

ments to depth, width, and resolution, often requiring extensive
manual tuning and possibly leading to efficiency losses. Effi-
cientNet [81] addresses this by scaling the network architecture
more coherently, balancing depth (d), width (w), and resolution
(r) for optimal performance. This is achieved through a scaling
technique using a compound coefficient (u) characterized by

d au w bu r cu

s t a b2 c2 2 a P 1 b P 1 c P 1
1

This systematic scaling in EfficientNet enhances performance in
histopathology image classification, ensuring the intricate patterns
in the data are effectively processed without added computational
burden. Our application of EfficientNetB3 aligns with the aim to
robustly represent histological structures while maintaining com-
putational efficiency.

ResNet50 model
Deep neural networks like ResNet50 are beneficial for complex

tasks such as histopathology image classification. ResNet models
address performance saturation and degradation issues occurring
in CNNs beyond a certain depth, by the use of skip connections.
This innovation allows ResNet models, including ResNet50, to effi-
ciently manage deeper architectures without performance loss
[82].

Mathematically, given a feature map X and a residual function
F x , the skip connection enforces:

H x F x X or F x H x X 2

This capability is crucial in our work for capturing intricate patterns
in histopathological images, leading to a robust representation of
biological structures.

HDFF network
Effective feature representation is crucial for histopathology

image analysis. While traditional feature fusion methods have
their merits, they also present challenges in utilizing original input
features and integrating multiple features effectively [83].

In our work, we employ HDFF, which merges feature vectors
from the global average pooling layers of EfficientNetB3 and
ResNet50. This results in a 3,584-dimensional composite feature
vector combining the strengths of both architectures and offering
a rich image representation.

The HDFF network comprises a concatenation layer, dropout
layers for regularization, a dense layer with 1,000 units and ReLU
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activation for nonlinearity, and a final dense layer for classification.
The network structure and operations are mathematically repre-
sented as:

F i
2

n 1

F i
n 3

where F i
n denotes the nth feature vector for the ith sample and F i

the concatenated feature vector. This approach not only enhances
the descriptive power of the model but also aligns with our goal
of efficiently leveraging information from diverse sources to
improve accuracy and robustness.

Contrastive learning

Contrastive learning for histopathology image classification dif-
ferentiates between ”anchor” (pathological tissue of interest),
”positive” (similar pathological tissue), and ”negative” (different
pathological tissue) images in the embedding space. However, in
self-supervised learning, the selection of negatives can introduce
false negatives, especially detrimental in the critical field of
histopathology.

Fully-supervised contrastive learning methods offer a solution
[84]. They utilize labeled data to generate positives from the same
class and reduce the risk of false negatives. Uniquely, they allow
multiple positives per anchor and integrate label information into
representation learning, outperforming standard CE loss in large-
scale histopathology image classification.

In our framework, we combine EfficientNetB3 and ResNet50
models to enhance the robustness and diversity of histopathologi-
cal image representations. We concatenate the learned embed-
dings from the last layers of these models, creating an extensive
feature vector for a comprehensive representation. This vector is
processed through a projection head to map the features into a
lower-dimensional space, conducive for contrastive learning,
which is followed by a second training stage focused on
classification.

Our dual-model approach, feature concatenation, and two-stage
training strategy collectively enhance representation quality and
improve feature transferability to the final classification task, facil-
itating the application of SCL to histopathology image
classification.

Loss function

Our framework uses a two-stage training process, leveraging
both SCL loss and categorical CE loss.

Supervised contrastive learning loss
The SCL loss aims to enhance the similarity of same-class repre-

sentations while reducing it for different classes using
temperature-scaled cosine similarity [84]:

LSCL
i I

1
P i

p P i

log
exp zi zp s

a A i

exp zi za s
4

where zi zp, and za are the embedding vectors of anchor, positive,
and aggregate samples, respectively, P i denotes the set of positive
sample indices, A i includes both positive and negative samples,
and s (set to 0.1) is the temperature parameter controlling embed-
ding similarity sharpness, crucial for differentiating subtle
histopathology image details.

The flexibility of SCL in handling multiple same-class samples
per batch proves beneficial for histopathology classification,
encouraging compact embeddings for each class. Its similarities
with N-pairs loss enhance robustness, making our model well-
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suited for the complex nature of histopathology images. In essence,
SCL ensures tailored and effective representation learning for our
classification task.

Categorical cross-entropy loss
After pretraining the model using SCL loss, we train a classifier

using the standard categorical CE loss. This loss function is
designed to handle multiclass classification problems and is
expressed as:

LCE
N

i 1

C

c 1

yic log pic 5

where N is the number of instances, C the number of classes, yic the
binary indicator for class c of instance i, and pic the predicted prob-
ability of instance i being in class c. This loss ensures robust han-
dling of complex histopathology images, aiding in the generation
of powerful classification features.

Training strategy

Our training process consists of two main stages, aimed at
building a robust classifier that combines EfficientNetB3 and
ResNet50 to analyze histopathology images.

Stage 1: pretraining the encoders and projection head using SCL loss
In the first stage, we aim to derive meaningful features from the

images using two encoders: EfficientNetB3 and ResNet50. We con-
catenate their extracted features and pass them through a projec-
tion head—a dense layer with ReLU activation, tailored for the SCL
objective. This not only enhances pretraining effectiveness but also
ensures a discriminative data representation. The whole system is
optimized using SCL loss to minimize intraclass and maximize
interclass distances in the embedding space. Complemented by
data augmentation and a cosine learning rate schedule with a
warm-up, we train the model for 110 epochs, preparing robust fea-
ture representations for the next classification stage.

Stage 2: training the classifier with frozen encoder using CE loss
Using the feature representations from Stage 1, we train a clas-

sifier using the concatenated features from both encoders. The
encoders’ weights are frozen and we build a classifier consisting
of several dense layers with dropout for regularization. The model
is trained to minimize the sparse categorical CE loss, aiming to
accurately classify the images into predefined classes. The training
process is conducted using stratified 5-fold cross-validation, allow-
ing us to assess the model’s performance across different data
splits.

Implementation details

Our HistopathAI framework was developed using Python 3.9.16
and TensorFlow 2.10.0. For training, we used a batch size of 16 to
balance processing speed and accuracy. The model was trained for
100 epochs to learn the data patterns thoroughly. We chose the
Adam optimizer because of its flexible learning rate, which helps
in faster learning [85]. We adjusted the learning rate during train-
ing using a combination of linear warm-up and cosine decay. It
started at a very low value of 1 10 8. During the warm-up phase,
the learning rate increased linearly to its maximum value of
3 10 5. After the warm-up, the learning rate followed a cosine
decay, but never went below 1 10 8. This approach allowed the
model to quickly adapt in the initial stages and refine its learning
as training progressed. All our training was done on the Gadi clus-
ter in Australia with a dgxa100 GPU, bolstered by 16 CPU cores and
190 GB RAM allowance. To obtain more reliable performance esti-
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mates, we evaluated our model for different data splits, using 5-
fold cross-validation.
Fig. 4. Sample image from our in–house dataset. Left: Original WSI of
81,920 102,400 pixels. Right: Sample patch of size 1,024 1,024 pixels extracted
from the WSI.
Experiments

Image datasets

Our HistopathAI framework was rigorously evaluated using a
comprehensive collection of seven publicly available datasets and
one in–house dataset (Table 2, Fig. 4). These datasets encompass
a variety of cancer types, including breast, colorectal, and gastric
cancer, as well as a variety of binary and multiclass classification
tasks. Together, they aid in the development of a robust classifica-
tion model.

For the BRACS dataset, in addition to the 7-class task, we also
considered a 4-class problem, grouping the original classes into
normal (NT), noncancerous (PB + UDH), precancerous
(ADH + FEA), and cancerous (DCIS + IC), as well as a binary prob-
lem, grouping the original classes into two (NT + PB + UDH versus
ADH + FEA + DCIS + IC).

Similarly, for the EBHI dataset, in addition to the 5-class task,
we also studied the binary problem, grouping the original classes
into benign (normal, polyp, low-grade) versus malignant (high-
grade and adenocarcinoma).

Our exclusive in–house dataset contains 13 malignant and 4
benign histopathology slides.

Image preprocessing

Dataset organization
We gathered image data, including filenames and labels, and

organized it for analysis. To ensure data integrity, we identified
Table 2
Details of the datasets used in the study.

Dataset Reference Type #Classes Classes

BACH [88] Breast 4 Normal
Benign
In Situ Carcinoma
Invasive Carcinoma

BRACS [46] Breast 7 Normal Tissue (NT)
Pathological Benign (
Usual Ductal Hyperpl
Flat Epithelial Atypia
Atypical Ductal Hype
Ductal Carcinoma In
Invasive Carcinoma (

BreaKHis [89] Breast 2 Benign
Malignant

EBHI [90] Colorectal 5 Normal
Polyp
Low-grade Intraepith
High-grade Intraepith
Adenocarcinoma

GasHisSDB [73] Gastric 2 Normal
Abnormal

HE-GHI-DS [79] Gastric 2 Normal
Abnormal

MHIST [91] Colorectal 2 Hyperplastic
Sessile Adenoma

In–House Breast 2 Benign
Malignant
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and removed any duplicate images based on their content, striving
for a unique dataset.

The images were preprocessed to enhance consistency and opti-
mize performance for subsequent analysis. This involved decoding,
normalization of pixel values to the 0 1 range, and resizing the
images to a standard resolution of 512 512 pixels. The processed
data was then efficiently stored in a binary file format, suitable for
handling large-scale datasets and accelerating model training
times.

To facilitate cross-validation and ensure balanced class repre-
sentation, the dataset was partitioned using proper stratification,
maintaining an equal distribution of classes across different sub-
sets. This approach is advantageous for extensive image analyses
across various domains.
#Images Magnification Size

100 200 2,040 1,536
100
100
100

484 40 127–17,611 137–9,842
PB) 836
asia (UDH) 517
(FEA) 756
rplasia (ADH) 507
Situ (DCIS) 790
IC) 649

598 40 700 460
1,370

61 200 2,048 1,536
254

elial Neoplasia 603
elial Neoplasia 130

790

20,160 20 160 160
13,124

140 20 2,048 2,048
560

2,162 40 224 224
990

3,138 40 1.024 1,024
9,018
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Probabilistic augmentation
To bolster the robustness and performance of our model, we

implemented a probabilistic data augmentation strategy, stochas-
tically applying transformations to the input images to diversify
our training data and enhance generalization. The following trans-
formations were included (percentages in parentheses indicate the
probabilities of applying each augmentation to each image):

Shear transformation (20%): Shears images by 20 .
Rotation operations (20%): Rotates images by ± 45 , with 75%
probability for 90 , 180 , and 270 .
Flips and transposition (75%): Randomly flips images and
transposes them.
Pixel-level transformations (40%): Adjusts saturation, con-
trast, and brightness.
Central cropping (60%): Applies random central cropping,
resizing images to 50–80% of their original size. A random size
crop operation is used for random numbers between 0.3 and
0.6.
Cutout (50%): Randomly removes square regions, accounting
for 10–12.5% of the image size.

This strategy ensures diverse training data and that the model
never sees the exact same image twice, significantly improving
its ability to generalize to unseen data and handle real-world vari-
ability in histopathology images.

Evaluation metrics

To validate our histopathology image classification method, we
employed a suite of standard evaluation metrics, presented as
macro averages from the 5-fold cross-validation in the format:
mean ± standard deviation.

Precision (P): The correctly identified positive samples out of
all predicted positives, P TP TP FP .
Recall (R): The correctly identified positive samples out of all
actual positives, R TP TP FN .
F1 Score (F1): The harmonic mean of precision and recall,
F1 2 P R P R .
Accuracy (A): The proportion of correctly predicted samples,
A TP TN TP TN FP FN .

Here, true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN) are counts of correctly and incorrectly
classified positive and negative samples, respectively.

Statistical testing

To validate the significance of our model’s performance against
other algorithms, we employed Alpaydm’s Combined 5 2cv F-test
[86], particularly recommended for small datasets [87]. This
ensures that the observed differences in performance are statisti-
cally robust and not attributable to random variations. The test is
a robust procedure for comparing model performances, applicable
to both classifiers and regressors. When comparing two classifiers,
labelled 1 and 2, the F-statistic is calculated as:
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Approximating an F-distribution with 10 and 5 degrees of freedom,
this test enhances the credibility of our framework’s effectiveness
compared to other models. The results not only confirm the differ-
ences in performance highlighted by other evaluation metrics but
also provide a deeper, statistically grounded understanding of these
discrepancies.

Results

Quantitative model performance

The quantitative results of an ablation experiment with differ-
ent configurations of HistoPathAI show that the proposed HDFF
model, combining EfficientNetB3 and ResNet50 and using SCL, per-
forms superiorly (Table 3). The results also show the robustness of
the model, with high performance across all datasets and different
classification tasks, and comparatively small standard deviations
across the different folds of the experiment. As expected, the per-
formance in most multiclass classification tasks is lower than in
the binary classification tasks, with metric scores decreasing as
the number of classes increase, but still the proposed model shows
favorable performance. HistoPathAI performed best on our in–
house dataset, with scores close to 100%, suggesting that our data-
set was less challenging than most of the public datasets.

Qualitative analysis using t-SNE

Dimensionality reduction techniques such as t-SNE offer
insights into a model’s ability to generalize. Example visualizations
of the embeddings produced by HistopathAI on the BRACS 4-class
classification (Fig. 5) distinctly show how the use of SCL loss cre-
ates better separated clusters compared to the regular CE loss. Sim-
ilar patterns were observed in the other datasets. The well-
clustered SCL embeddings, particularly in a challenging dataset
such as BRACS, validate our model’s adeptness in learning intricate
patterns. The t-SNE plots reinforce our model’s potential for deliv-
ering accurate results in practical histopathological settings.

Statistical test results

From the results of the 5x2cv F-test we observe that our Histo-
pathAI framework exhibits dominance over other models (Table 4).
For each comparison, an F-statistic is generated from the test,
which is compared against a critical value. Here, the critical value
is 3.2974, derived from the F-distribution table at a significance
level of a=0.1. An F-statistic surpassing the critical value indicates
a statistically significant difference. In most cases, HistopathAI
showed significant improvement over alternative models, as indi-
cated. The few cases where the improvements were not statisti-
cally significant suggest there is still some room for further
optimization.

Comparison with previous studies

Finally, we compared the performance of HistopathAI to other
methods reported in literature for the considered datasets. Rather
than reimplementing or retraining these methods ourselves, we
adopted the accuracy from the cited papers, ensuring a direct
and fair comparison.

From the results (Table 5) it is evident that many methods face
challenges, such as limited model generalizability across datasets,
imbalanced data handling, and reliance on private datasets, which
hampers reproducibility. There is also a prevalent issue where



Table 3
Performance comparison of different models on various histopathology datasets for different classification tasks.

Dataset Classification Models P R F1 A

BACH 4-Class EfficientNetB3 0.87594 0.02862 0.87000 0.02915 0.86793 0.03077 0.87000 0.02915
ResNet50 0.91633 0.02139 0.91250 0.02092 0.91214 0.02061 0.91250 0.02092

EfficientNetB3 + SCL 0.88619 0.02286 0.88250 0.02179 0.88198 0.02247 0.88250 0.02179
ResNet50 + SCL 0.92016 0.01229 0.91750 0.01275 0.91748 0.01268 0.91750 0.01275

EfficientNetB3 + ResNet50 + SCL 0.92601 0.02473 0.92250 0.02669 0.92265 0.02647 0.92250 0.02669

7-Class EfficientNetB3 0.76811 0.00693 0.76649 0.00963 0.76662 0.00808 0.77991 0.00886
ResNet50 0.76909 0.00764 0.76983 0.00813 0.76830 0.00789 0.78145 0.00666

EfficientNetB3 + SCL 0.77015 0.00752 0.77630 0.00612 0.77054 0.00685 0.78498 0.00664
ResNet50 + SCL 0.77217 0.00370 0.77551 0.00139 0.77269 0.00258 0.78450 0.00266

EfficientNetB3 + ResNet50 + SCL 0.77417 0.01300 0.77736 0.00894 0.77389 0.01178 0.78938 0.01113
BRACS 4-Class EfficientNetB3 0.79392 0.01573 0.82081 0.01036 0.80173 0.01479 0.81252 0.01350

ResNet50 0.81536 0.01186 0.81371 0.00867 0.81400 0.01038 0.82573 0.01224
EfficientNetB3 + SCL 0.81610 0.00742 0.81347 0.00876 0.81453 0.00804 0.82463 0.00970

ResNet50 + SCL 0.81660 0.00318 0.82090 0.00862 0.81828 0.00567 0.82970 0.00469
EfficientNetB3 + ResNet50 + SCL 0.81956 0.01362 0.83419 0.01161 0.82501 0.01293 0.83345 0.01321

2-Class EfficientNetB3 0.92516 0.02582 0.92534 0.02573 0.92500 0.02593 0.92519 0.02587
ResNet50 0.93350 0.03520 0.93250 0.03585 0.93285 0.03557 0.93316 0.03538

EfficientNetB3 + SCL 0.93075 0.02817 0.93062 0.02852 0.93062 0.02840 0.93085 0.02828
ResNet50 + SCL 0.94099 0.03939 0.93966 0.04048 0.94005 0.04011 0.94036 0.03990

EfficientNetB3 + ResNet50 + SCL 0.94514 0.04504 0.94410 0.04597 0.94445 0.04566 0.94473 0.04542

BreakHis 2-Class EfficientNetB3 0.99254 0.00287 0.99337 0.00320 0.99295 0.00299 0.99388 0.00260
ResNet50 0.99388 0.00417 0.99086 0.00585 0.99233 0.00479 0.99337 0.00414

EfficientNetB3 + SCL 0.99541 0.00203 0.99284 0.00201 0.99411 0.00186 0.99490 0.00161
ResNet50 + SCL 0.99462 0.00147 0.99246 0.00348 0.99351 0.00222 0.99439 0.00191

EfficientNetB3 + ResNet50 + SCL 0.99661 0.00183 0.99401 0.00441 0.99528 0.00302 0.99592 0.00260

EBHI 5-Class EfficientNetB3 0.84709 0.04626 0.80080 0.02800 0.81769 0.03409 0.91028 0.01511
ResNet50 0.83873 0.03667 0.81641 0.02057 0.82508 0.02606 0.90423 0.01045

EfficientNetB3 + SCL 0.84732 0.05454 0.77606 0.04651 0.80145 0.05210 0.91198 0.01697
ResNet50 + SCL 0.84518 0.03115 0.82319 0.01998 0.83167 0.02352 0.91592 0.00842

EfficientNetB3 + ResNet50 + SCL 0.85220 0.03084 0.83414 0.02164 0.84083 0.02600 0.91930 0.00828
2-Class EfficientNetB3 0.97200 0.00544 0.97176 0.00562 0.97178 0.00562 0.97179 0.00561

ResNet50 0.97581 0.00333 0.97574 0.00337 0.97573 0.00338 0.97573 0.00338
EfficientNetB3 + SCL 0.97690 0.00329 0.97687 0.00328 0.97686 0.00327 0.97686 0.00327

ResNet50 + SCL 0.97971 0.00332 0.97969 0.00331 0.97968 0.00331 0.97968 0.00331
EfficientNetB3 + ResNet50 + SCL 0.97971 0.00572 0.97970 0.00573 0.97969 0.00573 0.97969 0.00573

GasHisSDB 2-Class EfficientNetB3 0.96460 0.00334 0.94244 0.00620 0.95120 0.00532 0.95441 0.00484
ResNet50 0.96146 0.00301 0.93622 0.00523 0.94593 0.00458 0.94963 0.00416

EfficientNetB3 + SCL 0.99145 0.00131 0.99011 0.00133 0.99077 0.00130 0.99119 0.00124
ResNet50 + SCL 0.97503 0.00582 0.97567 0.00417 0.97527 0.00487 0.97635 0.00471

EfficientNetB3 + ResNet50 + SCL 0.99101 0.00079 0.99171 0.00089 0.99135 0.00078 0.99174 0.00074

HE-GHI-DS 2-Class EfficientNetB3 0.94718 0.02563 0.97229 0.01945 0.95896 0.02283 0.97281 0.01528
ResNet50 0.97311 0.01548 0.96964 0.01656 0.97087 0.01149 0.98142 0.00727

EfficientNetB3 + SCL 0.97525 0.01978 0.98660 0.00746 0.98038 0.01220 0.98713 0.00832
ResNet50 + SCL 0.98351 0.01844 0.98571 0.01211 0.98452 0.01492 0.98999 0.00969

EfficientNetB3 + ResNet50 + SCL 0.98900 0.01283 0.99375 0.00668 0.99119 0.00817 0.99429 0.00535

MHIST 2-Class EfficientNetB3 0.87532 0.01340 0.88888 0.01024 0.88090 0.01074 0.89527 0.01031
ResNet50 0.88006 0.01496 0.88476 0.01743 0.88183 0.01489 0.89749 0.01276

EfficientNetB3 + SCL 0.88359 0.01540 0.87874 0.01015 0.88052 0.01068 0.89749 0.00997
ResNet50 + SCL 0.88237 0.01355 0.88852 0.01579 0.88496 0.01367 0.90003 0.01166

EfficientNetB3 + ResNet50 + SCL 0.88816 0.01262 0.88627 0.01088 0.88679 0.01011 0.90257 0.00919

In–House 2-Class EfficientNetB3 0.99694 0.00152 0.99875 0.00076 0.99784 0.00113 0.99831 0.00088
ResNet50 0.99801 0.00094 0.99831 0.00061 0.99816 0.00055 0.99857 0.00043

EfficientNetB3 + SCL 0.99782 0.00132 0.99894 0.00066 0.99838 0.00097 0.99874 0.00075
ResNet50 + SCL 0.99745 0.00107 0.99866 0.00114 0.99805 0.00106 0.99848 0.00083

EfficientNetB3 + ResNet50 + SCL 0.99882 0.00106 0.99902 0.00083 0.99892 0.00076 0.99916 0.00060
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models are predominantly optimized for binary classification,
overlooking the nuanced demands of multiclass scenarios. The lim-
itations of CE loss functions, which can induce skewed features and
biased classifiers, and concerns about feature transferability across
domains, further compound the challenges in the field.

HistopathAI has been strategically designed to address these
concerns and indeed outperforms other methods consistently
across all considered datasets (Table 5). Unlike many models, it
captures both high- and mid-level semantics, is optimized for mul-
ticlass tasks, and adopts a 5-fold cross-validation strategy for
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managing imbalanced data. Additionally, HistopathAI prioritizes
reproducibility, comprehensive semantics capture, and enhanced
feature transferability.

Computational complexity analysis

The computational complexity analysis (Table 6) reveals key
insights into the trade-offs between different model architectures
and the impact of incorporating SCL. The computation times shown
are based on the MHIST dataset using a 5-fold cross-validation



Fig. 5. Example t-SNE embeddings from BRACS 4-class classification. (a) SCL results in distinct, separated clusters, while (b) conventional CE results in dispersed,
intermingled representations. This pattern holds consistently across datasets and tasks.
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approach, but a similar pattern is observed across all datasets used
in this study. EfficientNetB3, due to its high number of trainable
parameters, exhibits a significantly longer training time compared
to other models. However, when SCL is applied (EfficientNetB3
+ SCL), both the training time and the number of trainable param-
eters in the second stage are notably reduced, indicating the effi-
ciency of SCL in optimizing the training process. A similar
pattern is observed with ResNet50 and its SCL-enhanced version
(ResNet50 + SCL). The HistopathAI framework, which integrates
both networks and SCL (EfficientNetB3 + ResNet50 + SCL), shows
a balanced approach, combining a moderate training time with a
higher total number of trainable parameters. This suggests that
while HistopathAI is more complex, it benefits from the combined
strengths of both architectures and the efficiency of SCL, making it
a robust choice for achieving efficient and accurate histopathology
image classification. Even though the training time is measured in
hours, the test time is very low, taking only a few milliseconds per
image, making the model highly efficient for real-time
applications.

Discussion

The rising demand for accurate cancer diagnostics, motivated
by the global prevalence of the disease, emphasizes the need for
intelligent computer-aided procedures. The current global transi-
tion to digital workflows offers the opportunity to deliver
decision-assisting AI to improve existing traditional diagnostic
mechanisms which have often been inconsistent. Our proposed
HistopathAI model offers an innovative, systematic, and general-
ized tool for histopathological image classification. Its distinction
rests on two key integrations. First, the employment of SCL with
CE ensures that our model benefits from both strong feature repre-
sentation and accurate classification. Unlike typical self-supervised
methodologies, SCL optimizes the use of labeled data to yield high-
quality feature representations. Second, the merger of Effi-
cientNetB3 with ResNet50 through the HDFF enables capturing
both high- and low-level image features, offering a more compre-
hensive representation of histopathological images, which
enhances the model’s ability to discern intricate patterns in the
data.

Our experimental results reveal the consistent superiority of
HistopathAI across a wide range of datasets, including our in–
house collection. The consistent excellence combined with mini-
399
mal variance solidifies HistopathAI’s candidacy as a comprehensive
solution for histopathological image classification. It enables opti-
mized laboratory workflows, prioritization of critical cases, and
relief from visual and cognitive fatigue for pathologists, thus
enhancing diagnostic precision and consistency, subject of course
to rigorous local in–house testing and validation with appropriate
regulatory and institutional approval for clinical applications.
While numerous existing methodologies show dataset-specific
achievements, HistopathAI’s performance breadth stands out and
provides a holistic solution. Contributing to the worldwide chal-
lenge to develop AI-based CAD systems for pathology, HistopathAI
raises the performance bar and opens the door to full automation
of diagnostic procedures.

Nonetheless, the quest for perfection in digital pathology is an
ongoing pursuit. Our study is not without limitations. First, while
our model demonstrates robust performance across several data-
sets, its applicability to broader clinical settings may still be lim-
ited. Additionally, while HistopathAI is designed to cope with
imbalanced data, it may face challenges with more severely imbal-
anced datasets, which could require further validation. The model’s
complexity, combining EfficientNetB3 and ResNet50 architectures
with SCL and CE loss, may also limit its interpretability and scala-
bility, particularly in resource-constrained environments. Addi-
tionally, the ’black box’ nature of these models poses a
significant challenge in terms of explainability, making it difficult
for clinicians to understand and trust the decision-making process,
which is crucial for clinical adoption. Furthermore, the variability
in staining techniques and slide preparation across different labo-
ratories could affect the model’s performance in real-world clinical
settings, necessitating additional standardization or domain adap-
tation efforts.

Future research should explore more complex architectures and
investigate the integration of various diagnostic modalities, such as
combining histopathological imaging with genomic data, to
enhance diagnostic precision and patient outcomes. Another
promising direction is the application of transfer learning, where
HistopathAI could be fine-tuned on new datasets with limited
labeled data, thus improving adaptability to different clinical set-
tings. However, this approach comes with challenges, such as the
risk of overfitting and the need for effective domain adaptation
strategies to handle variations between source and target datasets.
Additionally, HistopathAI could be integrated into clinical work-
flows by acting as a prescreening tool for pathologists. This integra-



Table 4
Comparison of different model combinations using the 5x2cv F-test. The critical value for all tests is 3.2974. An asterisk (*) indicates statistical significance.

Dataset Classification Comparison F-Statistic

BACH 4-Class HistopathAI versus ResNet50 + SCL 2.4835
HistopathAI versus ResNet50 6.9231*

HistopathAI versus EfficientNetB3 86.2212*
HistopathAI versus EfficientNetB3 + SCL 5.8209*

7-Class HistopathAI versus ResNet50 + SCL 5.5955*
HistopathAI versus ResNet50 23.3282*

HistopathAI versus EfficientNetB3 7.9731*
HistopathAI versus EfficientNetB3 + SCL 9.3220*

BRACS 4-Class HistopathAI versus ResNet50 + SCL 2.0635
HistopathAI versus ResNet50 8.7004*

HistopathAI versus EfficientNetB3 17.6915*
HistopathAI versus EfficientNetB3 + SCL 2.6426

2-Class HistopathAI versus ResNet50 + SCL 2.9088
HistopathAI versus ResNet50 4.3011*

HistopathAI versus EfficientNetB3 3.7789*
HistopathAI versus EfficientNetB3 + SCL 3.2835

BreaKHis 2-Class HistopathAI versus ResNet50 + SCL 3.1250
HistopathAI versus ResNet50 3.6667*

HistopathAI versus EfficientNetB3 2.8312
HistopathAI versus EfficientNetB3 + SCL 2.1429

EBHI 5-Class HistopathAI versus ResNet50 + SCL 6.5318*
HistopathAI versus ResNet50 7.2802*

HistopathAI versus EfficientNetB3 3.5951*
HistopathAI versus EfficientNetB3 + SCL 3.9581*

2-Class HistopathAI versus ResNet50 + SCL 2.000
HistopathAI versus ResNet50 4.7222*

HistopathAI versus EfficientNetB3 8.1207*
HistopathAI versus EfficientNetB3 + SCL 3.6698*

GasHisSDB 2-Class HistopathAI versus ResNet50 + SCL 20.2181*
HistopathAI versus ResNet50 242.4144*

HistopathAI versus EfficientNetB3 114.9488*
HistopathAI versus EfficientNetB3 + SCL 3.2974

HE-GHI-DS 2-Class HistopathAI versus ResNet50 + SCL 2.4692
HistopathAI versus ResNet50 18.4876*

HistopathAI versus EfficientNetB3 7.2944*
HistopathAI versus EfficientNetB3 + SCL 9.9997*

MHIST 2-Class HistopathAI versus ResNet50 + SCL 2.0102
HistopathAI versus ResNet50 2.0463

HistopathAI versus EfficientNetB3 7.1914*
HistopathAI versus EfficientNetB3 + SCL 2.0013

In–House 2-Class HistopathAI versus ResNet50 + SCL 3.3334*
HistopathAI versus ResNet50 3.7678*

HistopathAI versus EfficientNetB3 4.2224*
HistopathAI versus EfficientNetB3 + SCL 2.9998
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tion would involve prioritizing the diagnosis of malignant cases
over normal ones, allowing for faster reporting in high-volume set-
tings and facilitating the early ordering of additional biomarkers or
molecular testing as appropriate. Such an approach would not only
optimize the workflow efficiency but also potentially improve
patient outcomes by ensuring that critical cases are addressed
promptly.

Real-world clinical implementation is crucial, and subsequent
studies should therefore focus on scalability and address chal-
lenges such as model interpretability and robustness to variability
in staining techniques across laboratories. Practical deployments
should be accompanied by rigorous validation studies to ascertain
the generalizability of the models across different demographic
and pathological spectra. Feedback from these deployments will
be instrumental in bridging the gap between research advance-
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ments and practical applicability, ensuring the transition from
lab to clinic not only enhances diagnostic accuracy but also aligns
with clinical workflows and ultimately improves patient care.

Conclusion

In this study, we introduced HistopathAI, a novel framework for
histopathology image classification that combines SCL with HDFF.
Our approach addresses the variability and subjectivity inherent in
histopathological analysis by leveraging the strengths of SCL and
merging feature vectors from EfficientNetB3 and ResNet50 for a
richer image representation. Extensive experiments on various
datasets demonstrated that HistopathAI consistently outperforms
existing methods, particularly in imbalanced data scenarios. The
framework’s sequential methodology effectively captures high-



Table 5
Performance comparison with existing studies.

Dataset Classification Reference Method Accuracy (%)

BACH 4-Class [62] ResNet 83
[7] TL based ResNet18, ResNeXt 87 10
[63] Inception-V3 87 50
[64] TL based Inception-V3 91 30
[65] CNN 90
[4] HACT-Net 91
[66] Lightweight DNN 86 15
[67] BiLSTMs 90
Ours HistopathAI 92.250 2.669

BRACS 7-Class [4] HACT-Net 61 53 0 87
[46] DL-based method 55 9
[47] Stain-Invariant SSL 59 1 6
Ours HistopathAI 78.938 1.113

4-Class [4] HACT-Net 69 04 0 46
Ours HistopathAI 83.345 1.321

2-Class [4] HACT-Net 83 63 0 73
Ours HistopathAI 94.473 4.542

BreakHis 2-Class [48] SA-Net 96
[49] TL-Based ResNet50, InceptionV2, Inception ResNetV2 96 24
[8] DCNN 97 90
[13] BHCNet 98 87
[12] TL-Based VGG16 and VGG19 98 10
[50] CNN 89 46
[51] ResHist 92 52
[52] DSoPN 96 54
[53] myResNet34 94 03
[54] TL-Based CNN-LSTM 99 03
[55] CSML, Hashing DNN 99 30
[56] SVM, RBF 94 32
[57] Ensemble TL 98 90
[58] MobileNet-SVM 91 30
[59] PLWT 96 9 0 3
[60] Cd-dtffNet 98 27
[61] CBAM-VGGNet 98 96
Ours HistopathAI 99.592 0.260

EBHI 5-Class - None -
Ours HistopathAI 91.930 0.828

2-Class [90] VGG16 95 37
Ours HistopathAI 97.969 0.573

GasHisSDB 2-Class [73] VGG16 96 47
[75] CCF-GNN 97 8 1 1
[76] MCLNet 97 85
[74] VGG16 96 47
[77] MLP IN MLP 96 5
[78] EfficientNetB0 + B1 + DenseNet121 + 169 + MobileNetV2 99 16
Ours HistopathAI 99.174 0.074

HE-GHI-DS 2-Class [79] GasHis-Transformer 97 97 0 74
[80] CAM-VT 90 48
Ours HistopathAI 99.429 0.535

MHIST 2-Class [68] CNN + Trans + TAE + SSL 89 68
[69] ConvNeXt-L 88 56 0 67
[70] DenseNet121 79 73
[71] MoCo v2 85 88
Ours HistopathAI 90.257 0.919

Table 6
Computational complexity of different models on the MHIST dataset.

Model Training Time Trainable Parameters Trainable Parameters
(HH:MM:SS) (Stage 1) (Stage 2)

EfficientNetB3 21:01:59 12,235,234 N/A
EfficientNetB3 + SCL 11:16:49 10,892,968 1,539,002
ResNet50 05:20:27 25,585,594 N/A
ResNet50 + SCL 04:48:28 23,796,864 2,051,002
HistopathAI (EfficientNetB3 + ResNet50 + SCL) 10:43:28 34,689,704 3,587,002
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and mid-level semantics, leading to superior intraclass cohesion
and interclass separation, and resulting in more accurate and gen-
eralizable classifiers.

In conclusion, HistopathAI offers a robust solution for enhanc-
ing diagnostic accuracy in digital pathology, with the potential to
significantly improve clinical workflows and patient outcomes
through more reliable cancer diagnosis.
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