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Background: Cervical cancer remains a critical global health issue, responsible for over 600,000 new cases
and 300,000 deaths annually. Pathological imaging of cervical cancer is a crucial diagnostic tool. However,
distinguishing specific areas of cellular differentiation remains challenging because of the lack of clear
boundaries between cells at various stages of differentiation. To address the limitations of conventional
clinical and deep learning (DL) methods, we developed a mobile attention classification network (MacNet)
with multiscale features, aiming to increase the accuracy of differentiation classification and quantitatively
analyze cervical cancer cell differentiation.

Methods: We investigated the application of MacNet for classifying non-background images into 3 stages
of cervical cancer differentiation. The feature maps are processed through the Mobile Convolution Neural
Network with Mobile Attention (MCMA) module, which integrates mobile convolutional blocks and
mobile attention blocks. MacNet harnesses the benefits of the image pyramid structure and self-attention
mechanism, enabling multiscale feature extraction and emulation of clinical pathologist analysis. The final
prediction is generated by the adaptive fusion module, which aggregates features into a unified output.
Results: Comparative evaluations demonstrated that MacNet outperforms existing models. The proposed
method achieved the best classification accuracy of 92.34% among all 7 DL-based models. Specifically, the
result achieved by MacNet was 2.62% greater than that of Inception Version 3, 7.9% greater than that of
vision transformer, 8.08% greater than that of the visual geometry group network, 3.21% greater than that
of Densely Connected Convolutional Network, 2.85% greater than that of shifted window transformer
(Swin transformer), 5.4% greater than that of Cross Stage Partial DarkNet, and 5.41% greater than that of
Residual Neural Network. At the same time, MacNet also achieved superior results in recall, precision, and

F1 score.
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Conclusions: We have proposed a lightweight neural network method that innovatively combines

attention mechanisms with convolutional neural networks (CNNs) to efficiently utilize multiscale

information from histopathological images. This integration enables the precise quantitative display of

different stages of differentiation in cervical cancer. By doing so, our method not only enhances diagnostic

accuracy but also provides clinicians with a more effective tool for faster and more reliable diagnosis,

representing a significant advancement in the field of pathological imaging.
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Introduction

Cervical cancer is a malignant disease that significantly
impacts women’s health worldwide. In 2020, it was
estimated that there were 604,127 cases of cervical cancer
and 341,831 related deaths globally (1). According to
recently released statistics on global cancer, cervical cancer
ranks as the third most common cancer among women,
with a mortality rate of 7.7% and a mortality rate as high as
6.5% (2).

In China, 61,579 patients died due to cervical cancer in
2022 (3,4). Therefore, it is crucial to protect women’s health
via reliable and accurate cervical cancer diagnosis. Effective
medical screening and treatment can significantly reduce
the mortality rate of patients with cervical cancer. However,
the detection of cervical cancer is often neglected, leading
to insufficient research in medical technology and clinical
practice.

Histopathological images play a vital role in
medical research (5). In traditional clinical methods,
histopathological images obtained from a biopsy are
commonly employed to determine whether patients have
cervical cancer (6). The differentiation stage is confirmed
by analyzing the cell features, which can identify patients
with cervical cancer and can be used for cancer grading.
Unfortunately, analyzing histopathological images is a time-
consuming and subjective task because of their extremely
high resolution, often comprising billions of pixels. It is
easy to miss well-differentiated cancer cells, leading to
serious consequences such as misdiagnosis. Additionally,
pathologists need to combine x100 or higher magnification
lenses (x200 and x400) to improve diagnostic accuracy,
which requires even more time. Therefore, multiscale
contextual information is critical for accurately classifying
histopathological images containing cells at different stages
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of differentiation (7). In other scenarios, models that use
multiscale features, such as fire and smoke you only look
once (YOLO), have been efficient (8). In this study, we
explore a multiscale strategy to analyze images, enabling our
model to leverage multiscale information when examining
histopathological images at x400 magnification. This allows
us to capture a wider feature range across multiple scales
within less time.

Recent advancements in vision-based classification have
been driven by state-of-the-art models such as convolutional
transformer (ConvFormer) (9), triple attention transformer
(TripleFormer) (10), stable diffusion XL (SDXL) (11),
transferability of visual prompting (T'VP) for multimodal
large language models (12), and region-enhanced
prototypical transformers (13). ConvFormer optimizes
convolutional neural network (CNN)-based architectures
by incorporating transformer-style attention mechanisms,
significantly enhancing performance in image classification
tasks, particularly in medical image analysis. TripleFormer
introduces quadrangle attention to vision transformers,
which effectively captures spatial relationships and improves
classification accuracy. SDXL scales diffusion models to
generate high-quality images from text, offering superior
control in text-to-image generation, whereas TVP explores
the transferability of visual prompts in multimodal large
language models, excelling in few-shot and zero-shot image
classification. Finally, the region-enhanced prototypical
transformer advances few-shot medical image segmentation
by refining regional prototypes, making it highly effective
for classification with limited data. These models reflect the
cutting edge of both natural and medical image analysis,
providing a robust foundation for our study. However, most
of these works have been applied to natural image scenarios,
and the inference processes are slow. Currently, numerous
machine learning-based approaches have been applied
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to the analysis and diagnosis of cervical cancer, including
histopathological image segmentation and classification (14).
For example, the gray level co-occurrence matrix (GLCM)
was used for extracting the information of textural features,
and then a support vector machine (SVM) method was
applied for segmenting and recognizing cervical cancer (15).
Song et al. (16) developed a superpixel algorithm (17)
for segmenting cervical cancer nuclei, where the CNN-
based rough template structure was used for detecting the
nucleus region, and superpixels were applied to improve the
accuracy of cytoplasm boundary segmentation. To classify
moderate and poorly differentiated stages of cervical cancer,
Li et al. (18) used a weakly supervised learning strategy
for training a multilayer hidden conditional random
field (MHCRF)-based classification model, achieving
commendable performance. Similarly, Purwanti et /. (19)
developed a learning vector quantization (LVQ) method
based on an artificial neural network, which was used to
detect cervical cancer cells automatically. These methods
fail to provide accurate differentiation between stages
of cervical cancer. This is partly due to their inability to
capture and leverage multiscale information efficiently—
a critical factor in medical image analysis. The absence
of robust multiscale feature extraction mechanisms in
these models often results in suboptimal performance.
Inspired by the aforementioned studies, our proposed
method bypasses the segmentation step, utilizing neural
networks for direct patchwise classification, which leads to a
substantial improvement in classification accuracy and other
performance metrics.

CNN-based architectures have been widely used
for different tasks in computer vision areas, such
as classification, segmentation, and detection of
histopathological images (20-23). Humans typically focus
on distinct regions of an image when observing it (24).
To incorporate the attention mechanism into a CNN,
Sandler et 4l. (25) introduced the squeeze-excitation (SE)
module (26) to mobile convolution (MBConv), which
assigns different channel attention weights to capture global
information. Considering the proposal of the powerful
transformer layer, which uses a self-attention mechanism
to capture global information efficiently, it is feasible
to replace the SE module with transformer layers (27).
Therefore, Yang er al. (28) proposed the mobile attention
(MOAT) block. This architecture inherits MBConv’s “invert
bottleneck” design, which is designed for downsampling
operations with strided depthwise convolution (29). Deep
learning (DL) models are prone to overfitting, especially
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when trained on small datasets. This overfitting, coupled
with the large number of parameters typical of these models,
hampers their efficiency and limits their applicability in
clinical settings. These limitations underscore the need for
a more robust, scalable, and accurate approach to cervical
cancer diagnosis. Our proposed model, a mobile attention
classification network (MacNet), integrates MBConv and
attention mechanisms, resulting in a MOAT classification
network. The term “mobile” in the title reflects the use of
MBConv modules, which employ an inverted bottleneck
structure that is more parameter-efficient than traditional
transformer modules. Consequently, despite the increased
network depth, our model has fewer parameters (3M less)
than the basic vision transformer (ViT), making it relatively
lightweight.

Compared with widely used single-network models,
fusing different models can sometimes achieve better
performance (30). For the BACH dataset, the experimental
results demonstrated modest accuracy rates of 79% and
81% for the SVM and CNN, respectively. However, fusing
the SVM and CNN achieved an accuracy of 92% (31).
Owing to the special features of histopathology images,
which differ from those of natural images, it is crucial for
our network to focus on both local cell morphology and
the long-range arrangement of cells. Therefore, we fused a
transformer with a CNN in the new network, which is more
powerful and achieves better performance. We designed
our network by combining the CNN with the transformer.
However, most DL models for classification, such as MOAT
and Residual Neural Network (ResNet), are designed
primarily for natural image datasets such as ImageNet,
which differ significantly in sample distribution compared
with medical datasets. As a result, the original MOAT
may not achieve optimal classification accuracy when it is
directly applied to our medical dataset. To address this, we
propose a MOAT classification network with multiscale
features to enhance the performance on medical data.

There is no doubt that DL-based models require
adequate images as inputs to guarantee that the models
are capable of learning sufficient and valid features from
specific objects (32-35). At present, studies on the direct
assessment of cervical cancer severity on the basis of cell
differentiation characteristics are limited, partly owing
to the difficulty in obtaining annotated histopathological
images and the limited number of datasets related to the
classification of cervical cancer stages in publicly available
datasets of histopathological images (36-38). Therefore,
a labeled, high-quality dataset was also developed in this

Quant Imaging Med Surg 2025;15(1):55-73 | https://dx.doi.org/10.21037/qims-24-810



58

paper to classify the staging of histopathological cervical

cancer images.

In summary, this paper presents a method to distinguish
the stage of cervical cancer by integrating MBConv and
MOAT. The attention mechanism has proven effective
in image classification, especially in tasks that require
extracting long-range relevant information (39-43). MacNet
achieves a balance between local and long-range relevance
by integrating a CNN-based model with an attention
mechanism and employing an image pyramid to capture
information at various scales. The backbone architecture
is designed to extract multiscale features effectively. The
block sequence is adjusted, and the model architecture fully
leverages the model’s multiscale capabilities; it emphasizes
both local and long-range relevance, contributing to
excellent performance in the field of medical image
processing. Compared with other DL methods, such as
Inception Version 3 (InceptionV3) (44), ViT (45), visual
geometry group (VGG19) (46), Densely Connected
Convolutional Network (DenseNet) (47), ResNet50 (48),
Cross Stage Partial Darknet (CSPDarkNet) (49), and
the shifted window transformer (Swin transformer) (50),
the proposed method achieves outstanding performance
in patchwise differentiation classification of cervical
histopathological images. The proposed method is versatile
and can be applied to other scenarios beyond classifying
stages of differentiation in our future work.

The contributions of this paper are summarized as
follows:

% Novel architecture and module distribution:
MacNet integrates MBConv modules and attention
mechanisms in a unique structure. The MBConv
modules utilize an inverted bottleneck design,
reducing the parameter count while effectively
capturing local features. Additionally, MacNet is
the first model to apply a multiscale strategy to the
detection of cervical cancer in histopathological
images. This approach mimics how pathologists
observe samples under different magnifications,
capturing features at multiple scales. This careful
distribution of MBConv and MOAT blocks
balances local and global feature extraction,
enhancing the model’s overall performance.

% High performance with fewer parameters: MacNet
achieves high performance with significantly
fewer parameters than traditional models do.
The integration of lightweight MBConv modules
contributes to this efficiency. MacNet demonstrated
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a superior classification accuracy of 92.34%,
outperforming other DL models, such as VGG,
ResNet, DenseNet, and Vi'T, while maintaining a
lower parameter count. This makes the model more
efficient and easier to deploy in clinical settings. A
lightweight network is used to design the network
architecture specifically. Background detection can
reduce judgment time, making it more applicable
to clinical devices.

% Fast processing speed and high clinical feasibility:
MacNet offers rapid image processing, requiring
less than 0.1 seconds per 1,024x1,024 image
slice compared with the approximately 2 seconds
needed by a pathologist. This speed significantly
enhances clinical feasibility, allowing for quicker
diagnoses. Additionally, MacNet includes attention
heatmaps, providing visual explanations of the
features the model has learned. This transparency
increases clinicians’ trust in the model’s outputs,
as they can see and understand the basis for the
model’s decisions. This method promotes the rapid
assistance of doctors in making diagnoses, which
has substantial clinical significance. The remainder
of this article is arranged as follows.

Methods section provides an overview of the proposed
method, including the overall workflow structure,
MacNet structure, MOAT module, and MBConv module.
Experiments section presents the experimental results,
including the evaluation and analysis of the proposed
method. The priorities of MacNet are presented in Results
section, and the related discussion is presented in Discussion
section. Finally, Conclusions section concludes this paper and
discusses future work.

Methods
Method overview

In clinical settings, pathologists often cannot perform
detailed classifications at the level that computer-aided
design (CAD) systems can perform. To address the
limitations of conventional clinical methods and DL
approaches, we designed an end-to-end architecture
for quantifying specific categories, including modules
for background detection, multiscale feature extraction,
classification, and concatenation. The overall workflow is
illustrated in Figure 1.

Specifically, in the background detection module,
histopathological images with extremely high resolution are
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Figure 1 Overall workflow of the proposed method. MacNet is the core classification network. MacNet, mobile attention classification

network.

divided into millions of 256x256 patches. The patch size
was designed to be 256x256 pixels. This size was selected
because larger patches significantly slow network inference
and training, whereas smaller patches lack sufficient cells
for reliable differentiation and make it difficult to observe
the cell arrangements necessary for accurate classification.
These 256x256 patches are then processed by the
background detection module, which employs a specialized
technique to accelerate the process without relying on DL
networks, effectively classifying all images into background
and non-background categories. A detailed explanation
of this module is provided in Background detection section.
Following the background detection module, MacNet
is employed to classify non-background images into 3
differentiated stages. Note that MacNet is the core network
of the proposed method, which consists of an image
pyramid structure, Mobile Convolution Neural Network
with Mobile Attention (MCMA) modules, and an adaptive
fusion module. The image pyramid structure is used to
capture multiscale features, and the generated feature
maps are processed via the MCMA module. The MCMA
module consists of MBConv modules and MOAT modules.
Inspired by Kerdvibulvech’s works (51,52), we introduce an
adaptive fusion module to produce the final classification
results. Finally, during testing with ultrahigh-resolution
original images, we cut the original images into multiple
256x256 patches. The different regions are colored based
on the classification results to achieve visualization of the
cell differentiation stages, including poorly, moderately,
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and well-differentiated stages and the background region.
We create a canvas that matches the size of the original
image and, after classification and colorization, paste these
patches back onto the new image according to their original
coordinates to form the final resulting image.

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). Approval for
all ethical and experimental procedures and protocols was
granted by the National Cancer Center/National Clinical
Research Center for Cancer/Cancer Hospital & Shenzhen
Hospital (No. IRB KYL.X2022-44). Informed consent was
provided by all patients.

Background detection

A cervical histopathological image typically contains
billions of pixels; this means that a histopathological image
can be divided into more than 200,000 256x256 patches.
Therefore, a module was designed for efficiently making
a preliminary prediction of whether the input image is
a background image. As shown in Figure 2, background
patches can be easily identified because they contain
different pixel information to that of non-background
patches. Therefore, the pixel value is the key to finding the
background detection threshold, and if the gray value of
a pixel is greater than a certain threshold, it is classified as
a background pixel. In the first step, the final threshold is
set to 210 on the basis of the lower bound of the pixel gray
value of the pure background image. The numbers of pixels
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Figure 2 Background image examples (hematoxylin-eosin staining, x400). (A-D) Examples. We define background images as those wherein

more than half of the pixels in this category contain no cells.
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Figure 3 Illustration of the core of the network: MacNet. MCMA module integrates MBConv blocks and MOAT blocks. MacNet, mobile
attention classification network; MCMA, Mobile Convolution Neural Network with Mobile Attention; MBConv, mobile convolutional;

MOAT, mobile attention.

with a gray value of greater than 210 and less than 210 are
subsequently calculated. Finally, the quantities of pixels in
different categories are compared, and if the number of
pixels greater than 210 is larger, the patch is classified as a
background image.

The core of the network

MacNet
To extract multiscale information more efficiently, the core
of the proposed method, including an attention mechanism
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and a CNN-based network, was designed, the details of
which are shown in Figure 3. The attention mechanism is
introduced to capture the long-range relationship between
pixels, and the CNN-based network has inductive biases of
locality, spatial invariance, and translation equivariance.

In this part, the original input images preprocessed to
256x256 images (patches) are fed into a multiscale head to
extract spatial features at different magnifications, which
can imitate pathologists analyzing histopathological images
in clinical practice. Then, the data streams processed by the
multiscale heads are sent separately to different modules
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in parallel. Finally, an adaptive fusion block is constructed
for feature fusion. According to the output importance of
different blocks, the model assigns weights to the outputs of
different modules to obtain important features.

MCMA module (MBConv and MOAT block)

The MCMA module consists of two architectures, which
are shown in Figure 4. In the MCMA module, these
MBConv and MOAT blocks are arranged to balance local
and global feature extraction effectively. The integration
of the MBConv and MOAT blocks allows the model to
capture multiscale features crucial for accurate classification
of histopathological images. This combination ensures that
the model can efficiently process high-resolution images
while maintaining a high level of accuracy.

The MBConv blocks include a normalization layer, a
depthwise separable convolution, and an SE head, and it
employs the design of an “inverted bottleneck”. It also uses
a Ix1 convolution to expand channels, a 3x3 convolution
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to extract features, and another 1x1 convolution to project
channels to their original size. This design allows the model
to capture local spatial information more efficiently with
fewer parameters. The number of channels is doubled,
and the step length of the 3x3 convolution is set to 2 so
that our model no longer requires additional layers of
downsampling. The structure of the MBConv can be
expressed as:

outputyye,, = Dropout(Conv(SE(DS(x)))) + skip(x) [1]

where ps denotes depthwise separable convolution
and where SE is the SE layer, which can capture global
information and is used to assign different weights to
different channels. After a 1x1 convolution (Conv), a

dropout layer (Dropout ) is added to randomly remove some
of the fully connected layer paths because, in medical
datasets, especially cervical cancer histopathological
datasets, the model may overfit the training datasets.
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Therefore, dropout is necessary. After the dropout layer,
a residual connection (skip) is used to guarantee that the
following layers will receive forward features.

The other architecture is MOAT, which combines a
transformer with MBConv. The MOAT block integrates
MBConv modules with transformer-like attention
mechanisms. In the MOAT block, the MLLP module in the
standard transformer block is replaced with an MBConv
block to leverage the efficiency of mobile convolutions.
Unlike previous methods that stack these blocks
separately, MOAT integrates them to enhance network
representation capacity and produce better downsampled
features. The MBConv block is placed before the self-
attention operation, allowing the depthwise convolution
to handle downsampling more effectively and capture
better downsampled features. The input tensors are
sent to an MBConv block that replaces SE layers with a
normalizing layer and a Swin transformer block. Compared
with traditional transformer layers, the Swin transformer,
which is based on self-attention and shifted windows, can
extract more global, long-range features and information
about location relationships. The MOAT output can be
represented as:

output,,,, = Dropout(Swin(LN (MOConv(i)))) (2]

where MOConv is the MBConv block and e LN denotes

layer normalization. Swin denotes the Swin transformer.
The proposed method connects 2 MBConv blocks, 3

MOAT blocks, 7 MBConv blocks, and 2 MOAT blocks to
build an MCMA module. The skip connections between
both the MBConv and MOAT blocks are used, which
directly transmit forward features to prevent gradient
explosion. The powerful MOAT blocks with attention
mechanisms can receive diverse multiscale information

extracted by MBConv blocks.

Classification and concatenation

Finally, the fused feature map fused by an adaptive fusion
block is processed by a classifier. The classifier with fully
connected layers generates the input image’s expectation
of different categories and the Softmax function to obtain
the final result. The input and output of the unit can be
expressed as follows:

ot = pred (Fp  Fuenss (1) fuun (5 (P (1) + fucus (5(p(1))))) 3]
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where i represents the input images, P represents the
pooling layer, s represents the stem block that can extract
shallow features, fucus represents the MCMA module, £,
represents the adaptive fusion layer, and pred represents
the classifier.

Experiments

Patient data

To test the effectiveness of the proposed method, a practical
image dataset of cervical cancer histopathology was crafted
by a professional team. A total of 69 patients were included
in this study, from whom multiple biopsy pathology scans
were collected at the Cancer Hospital Chinese Academy
of Medical Sciences. Each original image had a resolution
of approximately 100,000x100,000 pixels. Patient ages
ranged from 30 to 83 years, with a median age of 54 years.
Totals of 56 biopsy samples and 13 surgical samples were
obtained. The samples were from different clinical stages:
14 from stage I patients, 40 from stage II patients, 8 from
stage III patients, and 7 from stage IV patients. Owing
to the varying differentiation regions occupying different
areas of the entire image, it was not feasible to define the
differentiation level of an entire large image. Therefore,
during dataset annotation, the original images were cropped
to a size of 256x256, and the differentiation level of the
cells within these small image regions was determined. The
images were labeled by 2 experienced doctors and classified
into 4 categories: poor, well, and moderate differentiation,
and background. To ensure consistency in labeling, the
annotations were performed by 2 experienced doctors from
the same hospital and department, who adhered to a unified
set of standardized criteria, which are discussed in Discussion
section. After annotation, a total of 196,306 images were
obtained. Although the annotations were made on the
basis of the x400 magnified images, our model employs a
multiscale strategy using an image pyramid structure to
capture features at various scales. This technique allows
the model to simulate the effects of observing the images
at different magnifications without altering the physical
resolution of the annotated images.

To ensure unbiased evaluation and prevent any potential
model bias toward patient-specific characteristics, we split
the data into training, validation, and test sets on the basis
of individual patients. This means that all images from a
single patient were assigned to the same subset. Specifically,
the test set consisted of pathology image slices from new
patients who were not included in the training or validation
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Table 1 Distribution of the number of images in the training, validation, and test datasets

Stages Training Validation Test

Background 11,095 1,584 3,139
Well 5,130 732 1,484
Poor 20,112 2,873 5,900
Moderate 101,079 14,439 28,739

Background: those wherein more than half of the pixels in this category contain no cells. Well: well-differentiated squamous cell carcinoma
occupies more than half of the pixels in the image. Moderate: moderately differentiated squamous cell carcinoma occupies more than half
of the pixels in the image. Poor: poorly differentiated squamous cell carcinoma occupies more than half of the pixels in the image.

sets. This approach ensured that the model’s performance
was evaluated on entirely unseen data, providing a more
accurate measure of its generalization capabilities.

The data were normalized and input into the network
for training with a horizontal flip probability of 0.3. The
training set, validation set, and testing set were divided
according to a ratio of 7:1:2, as shown in Table 1. The image
distribution reflected a natural imbalance, with moderately
differentiated images being the most prevalent. To address
this imbalance and prevent the model from overfitting on
the more abundant categories during training, we applied
higher loss function weights to the less represented classes,
such as the poorly and well-differentiated categories.
This approach ensured that the model paid appropriate
attention to all differentiation levels, improving its ability to
generalize across the entire dataset.

Training details and platform

The proposed model trained 300 epochs with a batch size of
32, the initial learning rate was set as 0.001, and the adaptive
moment estimation (ADAM) optimizer was used. Cross-entropy
loss was selected as the loss function, which is defined as:

I 4

loss=—ZZP(i)log2Q(i) [4]

11

where P(i) is the output of the model, which represents the
probability of being classified into category i, and 0(i) is
the one-hot label of the dataset.

All operations were performed on a computer with a
GeForce RTX 3090 GPU (NVIDIA, Sanat Clara, CA,
USA) and the PyTorch neural network framework (https://

pytorch.org/).
Evaluation metrics

The performance of the proposed method is quantified via
accuracy, precision, recall, and F1 score metrics. Accuracy is
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the ratio of the number of samples correctly classified by the
classifier to the total number of samples. Precision reflects
the proportion of positive samples that are determined by
the classifier to be positive samples. The recall rate reflects
the proportion of total positive samples that are correctly
identified by the classifier. The F1 score is an indicator that
comprehensively considers accuracy and recall.

Table 2 describes these performance metrics. In this
paper, positive samples refer to samples from the categories
studied in this paper, whereas negative samples refer to
samples from other categories. TP is the true positive (a
positive sample is predicted to be positive), TIN is the true
negative (a negative sample is predicted to be negative), FP
is the false-positive (a negative sample is predicted to be
positive), and FN is the false-negative (a positive sample is
predicted to be negative).

Results
Prediction accuracy

In this section, the comparison results with the state-of-the-
art DL-based models, including VGG, ResNet, DenseNet,
Vi'T, InceptionV3, Swin transformer, and CSPDarkNet, are
presented to demonstrate the advantages of the proposed
method in terms of performance, parameter counts, and
model operation speed. Figure 5 shows that the proposed
method achieved the best classification accuracy of 92.34%
among all 7 DL-based models. Specifically, the result
achieved by MacNet was 2.62% greater than that of
InceptionV3, 7.9% greater than that of ViT, 8.08% greater
than that of the VGG19 network, 3.21% greater than that
of DenseNet, 2.85% greater than that of Swin transformer,
5.4% greater than that of CSPDarkNet, and 5.41% greater
than that of ResNet.

For the proposed method, when classifying the

Quant Imaging Med Surg 2025;15(1):55-73 | https://dx.doi.org/10.21037/qims-24-810


https://pytorch.org/
https://pytorch.org/

64

moderately differentiated stage, the recall rate was 0.9569,
which was 0.0027-0.0354 higher than that of the other
compared algorithms except for VGG19, but VGG19
overfit the moderately differentiated stage and performed
poorly on other categories. The precision rates of the
proposed method were 0.0248 to 0.0955, which were
higher than those of the other methods, and the F1 scores
were 0.0174 to 0.05, which were also higher than those of
the other methods. For the poorly-differentiated stage, the
proposed method achieved a recall rate of 0.77, which was
0.2744-0.431 higher than the recall rate of the compared
models. The proposed method also achieved a precision
rate of 0.8551, which was 0.0628-0.2159 higher than the

Table 2 Evaluation metrics and their definition details

Metrics Accuracy on the test dataset
Accuracy TN + TP
Accuracy = ——————
TP+TN + FP+FN
Precision .. P
Precision =
TP+ FP
Recall
Recall = i
TP+ FN
F1 score Fl 21P
sCore =——"""——
2TP + FP+ FN

TN, true negative; TP, true positive; FP, false positive; FN, false
negative.
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precision rate of the compared models. The F1 score was
0.0661-0.3523 higher than the other models. For the well-
differentiated stage, the proposed method achieved a recall
rate of 0.7206, which was 0.2509-0.5238 higher than the
recall rate of the compared models. The F1 score was
0.1471-0.4158 higher than the other models.

Owing to the lack of explicit boundaries between moderately
differentiated cells and other stages of differentiation, DL
models may mistakenly classify this stage of differentiation. To
show the classification performance of the proposed method
more intuitively, these DL-based models were tested on the
testing dataset to construct confusion matrices for visual
analysis. As shown in Figures 6,7, the proposed method
achieved superior accuracy, recall rates, and F1 scores when
classifying poorly differentiated cells and well-differentiated
cells. For classifying moderately differentiated cells, the
proposed method also achieved better accuracy, precision,
and F1 scores. Compared with the other DL-based models,
the proposed model has a lower probability of error
classification and greater stability.

For our dataset and an input size of 256x256, the
performance versus parameters and ‘floating point
operations per second’ (FLOPs) are displayed in
Table 3. This finding demonstrates that the proposed
method with many fewer parameters (only 5.4 million
parameters) achieves outstanding performance compared
with the ViT, InceptionV3, ResNet, Swin transformer,
CSPDarkNet, and VGG.

B
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>
)
g
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Figure 5 The process curve of relationship between the number of training epochs and classification accuracy. (A) The classification results

of different methods on the validation dataset. (B) The results of different methods on the test dataset. CSPDarkNet, Cross Stage Partial

DarkNet; DenseNet, Densely Connected Convolutional Network; MacNet, Mobile Attention Classification Network; ResNet, Residual

Neural Network; Swin transformer, shifted window transformer; VGG, visual geometry group; ViT, vision transformer; InceptionV3,

Inception Version 3.
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Figure 6 Confusion matrix for different models. Background: those wherein more than half of the pixels in this category contain no cells.

Well: well-differentiated squamous cell carcinoma occupies more than half of the pixels in the image. Moderate: moderately differentiated

squamous cell carcinoma occupies more than half of the pixels in the image. Poor: poorly differentiated squamous cell carcinoma occupies

more than half of the pixels in the image. ResNet, Residual Neural Network; VGG, visual geometry group; CSPDarkNet, Cross Stage

Partial DarkNet; InceptionV3, Inception Version 3; DenseNet, Densely Connected Convolutional Network; Swin transformer, shifted

window transformer; Vi, vision transformer; MacNet, Mobile Attention Classification Network.

Additionally, real-time data processing is crucial in
clinical settings, as demonstrated by methods such as
YOLO, as well as technologies such as noninvasive,
wearable multibiosensors, and flexible, wireless biosensor
patches (53-55). Experts do not have the time to conduct
extremely detailed scans. A single pathological image can
contain nearly 10 billion pixels, which increases the risk
of misdiagnosis and missed diagnoses. For a 1,024x1,024
image slice, a pathologist typically spends approximately
2 seconds (56), whereas our model requires less than
0.1 seconds, demonstrating its superior efficiency.
Additionally, the clinical advantage of our model is its
ability to quantitatively estimate the number of slices with
varying differentiation levels within a region, which is
more reliable than the empirically subjective judgments of
doctors.

Visual analysis

Figure 8§ presents a comparison between the input
and output images. In the output images, the regions
corresponding to different stages of differentiation are
clearly discernible after being processed via the proposed

© AME Publishing Company.

method. This can aid pathologists in focusing on specific
regions and quantifying the specific proportions of different
differentiation levels. With the assistance of the proposed
method, pathologists can make more reliable and accurate
diagnoses without spending time analyzing billions of pixels.

Ablation studies

Effectiveness of data augmentation

Unlike natural images, histopathological images often
face problems such as inconsistent staining and different
light intensities. This means that image preprocessing is
necessary. Therefore, an appropriate normalization method
was selected to eliminate the impact of sampling variability.
Moreover, cervical histopathology datasets cannot be easily
acquired, and to increase our model’s generalizability,
we randomly rotated and flipped images to perform data
augmentation. These steps help the following DL network
extract more plentiful features.

Tuble 4 shows that the best classification accuracy of the
proposed method with image preprocessing is 92.34%,
and the accuracy is higher than 90.46%, which is achieved
by the same model without preprocessing. Moreover,
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Figure 7 Comparison between different DL models in four differentiation stages. (A) Bar charts showing the recall, precision, and F1 scores of
different models on background. (B) Bar charts of different models on data of well differentiation. (C) Bar charts of different models on data of
well differentiation. (D) Bar charts of different models on data of well differentiation. Background: those wherein more than half of the pixels in
this category contain no cells. Well: well-differentiated squamous cell carcinoma occupies more than half of the pixels in the image. Moderate:
moderately differentiated squamous cell carcinoma occupies more than half of the pixels in the image. Poor: poorly differentiated squamous
cell carcinoma occupies more than half of the pixels in the image. MacNet, Mobile Attention Classification Network; ViT, vision transformer;
ResNet, Residual Neural Network; InceptionV3, Inception Version 3; DenseNet, Densely Connected Convolutional Network; VGG, visual
geometry group; CSPDarkNet, Cross Stage Partial DarkNet; Swin transformer, shifted window transformer; DL, deep learning.

Table 3 Performance versus parameters and FLOPs on the dataset

Methods Parameter counts (M) FLOPs (B) Accuracy (%)
DenseNet 0.8 0.6 89.23
VGG 91.3 255 88.12
ResNet 21.3 4 88.86
Vision transformer 8.6 0.5 85.53
InceptionV3 22.3 4.1 90.02
CSPDarkNet53 26.6 6.6 86.94
Swin transformer 27.5 5.6 89.49
MOAT (only) 9.4 4.2 91.73
MBConv (only) 2.6 0.4 87.62
Proposed method 5.4 0.9 92.34

FLOPs, floating point operations per second; DenseNet, Densely Connected Convolutional Network; VGG, visual geometry group; ResNet,
Residual Neural Network; CSPDarkNet, Cross Stage Partial Darknet; MOAT, mobile attention; MBConv, mobile convolution.
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TR S

Figure 8 Input histopathological images and visualized output results. Red pixels indicate well-differentiated regions, green represents

moderately differentiated regions, and blue represents poorly differentiated regions. (A,C) Example of complete pathology image. (B,D)

Distribution map of cell differentiation levels of images (A,C). Cells in (A,C) have been subjected to hematoxylin-eosin staining, x400.

Background: those wherein more than half of the pixels in this category contain no cells. Well: well-differentiated squamous cell carcinoma

occupies more than half of the pixels in the image. Moderate: moderately differentiated squamous cell carcinoma occupies more than half of

the pixels in the image. Poor: poorly differentiated squamous cell carcinoma occupies more than half of the pixels in the image.

Table 4 Experiment on whether to use data augmentation

Strategies Accuracy on the test dataset (%)
The proposed method 92.34
Without data augmentation 90.46

when analyzing the training process, the proposed method
with preprocessing greatly increased model stability.
Preprocessing reduced the training difficulty and led to
better network generalization and robustness.

Effectiveness of feature extraction

To evaluate and validate the proposed method, we
constructed a MacNet heatmap. Under normal conditions,
clinical pathologists and patients typically refuse to trust a
DL model because DL models lack interpretability. When
histopathological images are analyzed, human pathologists
can explain the features they capture. However, DL
models are ‘black boxes’ and cannot explain the reasoning
process to interpret their judgment. In this classification
task, pathologists classify differentiated levels by the cell
nuclear-cytoplasmic ratio and arrangement. Therefore, the
likelihood of locations attracting the attention of human
pathologists is their cellular morphology and arrangement.
The attention heatmaps of the network show the regions of
interest and visualize whether the model learns the correct
features of specific regions. If the attention heatmap of
the proposed method is similar to that of a human, it can
be assumed that the method correctly captures specific
features. The work in this paper has clinical significance.

© AME Publishing Company.

The proposed method not only outputs the classification
results but also informs pathologists and patients about the
areas of interest of the model, and the user is more likely to
trust the results.

To construct the heatmap, the final feature map is
separated before being sent to the classifier, and the Softmax
layer is used to obtain the weights of different regions. The
tensor is subsequently normalized to integers between 0 and
255. Finally, the tensors are projected back to 256x256 and
fused with the original input images to generate heatmaps
of specific areas.

In the attention heatmap, areas marked in red receive
more attention from the model, and blue areas receive
less attention. As Figure 9 shows, when analyzing the
background images, the proposed method tends to focus
on white pixels, which corresponds with the definition of
background images. When classifying areas other than the
background, the proposed method identifies these abnormal
cells and classifies them according to their differentiation
level. When analyzing regions with a greater proportion
of well-differentiated cells, the proposed method focuses
on the morphological features that distinguish them
from poorly differentiated and moderately differentiated
cells. Furthermore, the model not only considers the
morphological features but also concentrates on the
arrangement of cervical cells, which validates the rationality
of the proposed method.

Effectiveness of the multiscale strategy
When histopathological images are analyzed, pathologists
usually zoom in and out on the target image to obtain
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Figure 9 Examples of attention heatmaps. Red indicates regions that receive more attention, and blue indicates that the model will not focus

on these areas of the images when classifying. Cells in images above have been subjected to hematoxylin-eosin staining, x400. Background:

those wherein more than half of the pixels in this category contain no cells. Well: well-differentiated squamous cell carcinoma occupies more

than half of the pixels in the image. Moderate: moderately differentiated squamous cell carcinoma occupies more than half of the pixels in

the image. Poor: poorly differentiated squamous cell carcinoma occupies more than half of the pixels in the image.

Table 5 Experiment on different multiscale strategies

Strategies Accuracy on the test dataset (%)
The proposed method 92.34
Without image pyramid 91.99
With original sequence 91.89

information from different resolutions. To extract
information effectively at different magnifications, a
pyramid structure with a global pooling operation is used
to generate low-resolution images from the input high-
resolution images. In addition, 2 parallel MCMA modules
are used to extract information from low-resolution images
at different magnifications and fuse their feature maps to
make respective predictions. Table 5 shows that the best
classification accuracy of the proposed method with the
pyramid structure was 92.34%, which was higher than the
91.99% achieved by the same model without multiscale
branches.

Although this improvement may undoubtedly be related
to the increase in parameters, simply adding more feature
map channels or blocks cannot improve the performance
and, counterproductively, will lead to overfitting of the
training dataset. This means that the improvement of using

© AME Publishing Company.

an image pyramid is not the result of stacking parameters,
and the importance of multiscale information in this
classification task motivates concentrating on appropriately
extracting these features more efficiently when designing
our network.

In the original MOAT network (28), 2 MBConv blocks
are followed by 2 MOAT blocks. Considering that the
original MOAT network delegates the downsampling
operation to depthwise convolution, there are no extra
downsampling layers, such as average pooling layers. They
do not use skip connections to deliver residual features
between blocks. The most powerful block in the network,
the MOAT block, is only used after downsampling. This
means that the original MOAT structure cannot efficiently
extract multiscale information. However, MOAT blocks
with an attention mechanism can make a difference in
the whole network. The attention mechanism enables
MOAT to perform better in processing global multiscale
information. Therefore, the skip connection layers are used
in blocks and between both MBConv and MOAT blocks,
which directly transmit forward features to prevent gradient
explosion, adding branches to extract multiscale information
and adjusting the connecting methods of blocks and block
sequences to achieve the best performance on differentiated
images. Finally, the classifier predicts the differentiated
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level of the input regions on the basis of mixing information
at different magnifications. Table 5 shows that after the
rearrangement of blocks and the addition of residual
connections between blocks, the accuracy of classification
increased from 91.89% to 92.34%. We conducted ablation
experiments that included models with only the MOAT
module and only the MBConv module. The results showed
that the model with only MOAT achieved an accuracy
of 91.73%, and the model with only MBConv achieved
87.62%, both of which are lower than the accuracy achieved
by our proposed MacNet.

Discussion

In this work, a DL fusion network was applied to classify
the differentiation level of cervical cells. The proposed
model fuses a mobile CNN with an attention mechanism
and introduces a multiscale strategy to imitate human
pathologists’ observation habits. Compared with other
algorithms, the proposed model achieves the best
classification performance with the help of background
detection models and probably decreases the overall
classification time because of the end-to-end system.
Moreover, an attention heatmap is used to validate that
the proposed method focuses on proper features when
classifying an image. In this case, pathologists are more
willing to trust the output result of the proposed DL neural
network.

In the background detection module, a grayscale value
of 210 is selected as a threshold, which categorizes the
256x256 image as background according to the number
of pixel grayscale values is above 210 or below 210.
The proposed method processes a single image in 0.09
seconds, and after the proposed method is utilized, the
system can detect a background image within 0.00001
seconds, which greatly accelerates the processing
of histopathological images with billions of pixels.
Moreover, judging whether an image should be classified
as background is extremely subjective. For a stricter
model, increasing the threshold is more effective than
training a new model. It is more flexible and controllable
than the traditional DL method.

In addition, the rationality of the dataset should be
considered. There are few publicly available datasets on the
level of differentiation of cervical cancer cells, and in this
case, the quality of the dataset directly affects the results
of the DL model (36). The dataset used in this study was
labeled by several experienced pathologists, which mitigated,
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to some extent, the bias associated with the subjectivity
of a single pathologist. Although most researchers use
3 classification levels for cervical cancer cells, there are
practical problems in adopting this classification standard.
In histopathological sections, except for cervical cancer cells
with different degrees of differentiation, red blood cells
occupy some areas. To address this issue, a new category
called red blood cells should be added to datasets.

It is necessary not only to clarify the classification but
also to clarify the classification criteria. When experienced
pathologists were asked to label the proportions of
different categories, the quantitative results returned
by the pathologists were different. Therefore, there is
no clear line between poorly differentiated, moderately
differentiated, and well differentiated cervical cancer cells.
In clinical diagnosis, the differentiation of cervical cancer
cells is characterized by overlapping features without clear
boundaries. Well differentiated squamous carcinoma cells
of the cervix are a mix of basal and squamous cells with
slight increases in the nuclear-plasma ratio and irregularly
shaped nuclei with thick, deeply stained chromatin. Nuclear
pyknosis and division are rare, with few atypical divisions
and multinucleated cells. Moderately differentiated
squamous carcinoma cells of the cervix exhibit less
keratinization, unclear intercellular bridges, and pronounced
nuclear and cellular polymorphisms. These cells have
a high nuclear-plasma ratio and exhibit intermediate
polymorphisms and nuclear division, including abnormal
nuclear division. Poorly differentiated squamous carcinoma
cells of the cervix is characterized by immature cells with
minimal keratinization and nearly undetectable intercellular
bridges. These cells have highly irregular nuclei with coarse
chromatin and small nucleoli, indicating significant nuclear
and cellular pleomorphism. The nuclear-plasma ratio is
very high and often inverted, with frequent normal and
abnormal nuclear division (57,58). To improve the proposed
method, it is necessary for the pathologist to define specific
boundaries with certain features before labeling the target
pathological images. Understanding these features will
improve the quality of the dataset. Similar to FaNet, which
was proposed by Huang ez a/. (23), suitable features that can
be identified as prior knowledge are selected to improve our
model.

Ensuring patient data privacy is paramount in medical
research. In our study, all patient data were anonymized.
Strict data security measures, such as encrypted storage
and controlled access, were implemented to protect against
unauthorized access and breaches. Integrating MacNet
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into existing diagnostic workflows involves several key
considerations. The implementation should be seamless and
compatible with current histopathology imaging systems.
Training programs for clinicians will be essential to facilitate
the adoption of MacNet, ensuring that clinicians understand
how to use the technology to improve diagnostic accuracy
and efficiency. Additionally, ongoing technical support
will be provided to address any issues during integration.
Addressing patient data privacy and ensuring seamless
integration into diagnostic workflows are critical for the
ethical and practical application of MacNet. These steps,
combined with transparency and continuous validation,
enhance the utility of MacNet in improving cervical cancer
diagnosis.

Clinicians can use MacNet to quickly prescreen or assist
in the analysis of pathology slides, significantly reducing
the time required to identify areas of interest. The model’s
ability to quantitatively estimate differentiation levels within
a region enhances the objectivity of diagnoses, providing a
valuable second opinion that complements the pathologist’s
expertise. Moreover, MacNet’s use of an attention
mechanism with visual explanations (attention heatmaps)
increases transparency, helping clinicians understand the
basis for the model’s decisions and thereby fostering trust in
the technology.

To facilitate practical usage, methods such as U2Net
should be deployed within existing information technology
(IT) infrastructures in health care facilities (59). MacNet
requires only standard computational resources when
making diagnoses. The integration of MacNet into existing
diagnostic workflows has been designed to be extremely
user friendly. Clinicians will simply need to input pathology
images into the program, and MacNet will return the
analysis results with minimal interaction needed.

The proposed method does not use a specific module
to obtain higher scores on the training dataset, and more
experiments will be performed on other classification
datasets to fine-tune the method to verify its generalization
effect, which will show that the proposed method has the
potential to complete other classification tasks in other
fields.

Conclusions

This paper proposes a multiscale DL model called
MacNet, which combines a mobile CNN with an attention
mechanism. The attention fusion with the CNN allows
MacNet to not only focus on local features but also extract
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global and remote information. Given the importance of
multiscale information in the task, the proposed approach
employs strategies used by human pathologists to efficiently
utilize information at different magnifications. In addition,
the end-to-end system outputs a labeled image of the
same size as the input after the histopathological image,
which can quantitatively show the proportion of different
differentiation levels and label them with different colors.
This will help doctors make faster, more convenient, and
more accurate diagnoses. In future work, the accuracy and
time consumption of the proposed method will be further
improved so that the method can be applied to other
classification tasks.
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