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e CerviFusionNet achieved high-precision prediction for
cervical lesions diagnosis

e We evaluated the model’s robustness and generalization on
the external dataset
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SUMMARY

Cervical lesions pose a significant threat to women’s health worldwide. Colposcopy is essential for screening
and treating cervical lesions, but its effectiveness depends on the doctor’s experience. Artificial intelligence-
based solutions via colposcopy images have shown great potential in cervical lesions screening. However,
some challenges still need to be addressed, such as low algorithm performance and lack of high-quality
multi-modal datasets. Here, we established a multi-modal colposcopy dataset of 2,273 HPV+ patients,
comprising original colposcopy images, acetic acid reactions at 60s and 120s, iodine staining, diagnostic re-
ports, and pathological results. Utilizing this dataset, we developed CerviFusionNet, a hybrid architecture
that merges convolutional neural networks and vision transformers to learn robust representations. We de-
signed a temporal module to capture dynamic changes in acetic acid sequences, which can boost the model
performance without sacrificing inference speed. Compared with several existing methods, CerviFusionNet

demonstrated excellent accuracy and efficiency.

INTRODUCTION

Long-term cervical lesions without effective treatment may trans-
form into cervical cancer. Cervical cancer is the fourth most com-
mon malignancy tumor affecting women'’s health, with approxi-
mately 604,000 new cases and 342,000 deaths in 2020
reported by the World Health Organization (WHO)."™ Unfortu-
nately, over 80% of cervical cancer cases occur in low- and mid-
dle-income countries, lacking screening infrastructure.* In some
undeveloped regions, cervical cancer has become the leading
malignant tumor affecting local women. Risk factors such as the
early age of first sexual intercourse and unsafe sexual behaviors
increase the likelihood of developing cervical lesions and can-
cer.®® Unlike other types of cancers, cervical cancer has a known
cause and can be prevented through early screening and timely
intervention. Therefore, designing simple, effective, and econom-
ical methods for cervical lesions detection is an important
research topic, especially for undeveloped regions.®

Cervical lesions are primarily caused by persistent cervix
infection with high-risk human papillomavirus (HPV), such as

HPV 16 and HPV 18."%"" Squamous intraepithelial lesion (SIL)
is generally used to describe the abnormal growth of squamous
cells on the surface of the cervix. Based on the Bethesda sys-
tem,? SIL can be classified into low-grade SIL (LSIL) and high-
grade SIL (HSIL). LSIL cells have only minor abnormal character-
istics but still resemble normal ones. Observation and monitoring
are typically recommended for patients with LSIL, as the immune
system may clear abnormal cells over time. However, HSIL cells
exhibit abnormality under the microscope. Unlike LSIL, patients
with HSIL are recommended to receive a loop electrosurgical
excision procedure (LEEP).'® Otherwise, some of these high-
grade diseased cells may cause cervical cancer. Therefore, the
main goal of colposcopy is to distinguish pathological normal,
LSIL, or HSIL, which is essential for selecting the appropriate
treatment approaches.'*®

Currently, cervical lesions can be detected through various
screening methods, such as HPV testing, ThinPrep cytologic
test (TCT), and colposcopy. HPV testing is a DNA-based detec-
tion that can identify whether the patients carry high-risk HPV.
The WHO recommends using HPV testing for cervical cancer
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Figure 1. Overview of the proposed CerviFusionNet architecture for cervical lesions classification

The proposed method consists of three parts: Stem Block, Hybrid Architecture, and Prediction Head. First, the Stem Block can extract detailed information from
input multi-modal samples and reduce the resolution quickly. Second, the designed Hybrid Architecture, composed of CNN and ViT, is responsible for extracting
robustness representations following the Stem Block. Then, these extracted features are fused and refined by the proposed Feature Fusion Module. Finally, we
use a multilayer perceptron (MLP) to map these refined features into cervical lesions classification, including Normal, LSIL, and HSIL.

screening, which does not require advanced medical instru-
ments or experienced doctors, making it accessible even in un-
developed areas.'® However, HPV testing often produces false-
positive results, which can lead to misdiagnosis and increase the
burden on healthcare systems.'” Colposcopy is a more effective
way of screening cervical cancer. During this examination, doc-
tors focus on observing the vascular morphology and epithelial
structure of the cervix. Some studies'®2° have shown that col-
poscopy effectively reduces cervical cancer incidence. How-
ever, the effectiveness of coloscopy heavily depends on the doc-
tors’ experience. While cervical cancer screening has been
widely promoted worldwide, its effectiveness is far from satisfac-
tory. For instance, the Chinese government has offered free cer-
vical screening for several years, but more than 59,060 women
still died of cervical cancer in 2020.? Computer-aided diagnosis
(CAD) frameworks have demonstrated strong potential in various
medical tasks.”"** Therefore, it is worthwhile to research and
develop high-precision cervical lesions analysis systems based
on artificial intelligence and colposcopy images.

Due to the groundbreaking advancements in artificial intelli-
gence technology and computer hardware, deep learning
methods have been widely used in many fields, such as image
analysis,”**° data mining,”® and medical diagnosis.?”*° Cur-
rently, several deep learning-based systems for cervical lesions
classification have been proposed, significantly improving doc-
tors’ diagnostic efficiency. For instance, Zhang et al.° intro-
duced a patch-wise solution for cervical cancer image recogni-
tion, which can integrate the domain knowledge to boost the
model performance. Chen et al.*>° designed a high-performance
backbone model with EfficientNet®' for colposcopy sample
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feature extraction. Then, it employed the GRU module to encode
the global relationship between input sequences. Due to the
immature squamous metaplasia and cervical ectropion, these
methods may produce some false positive predictions, leading
to misdiagnosis. In order to handle this challenge, some studies
have combined additional information to boost the model perfor-
mance. MSCI*? developed a C-GCNN model for cervical cancer
screening. It could consider time series and combined multistate
cervical images to enhance model performance. Li et al.*® devel-
oped the CMF model to classify cervical lesions by mining the
correlation between colposcopy images and diagnostic informa-
tion, improving model accuracy and robustness. Additionally,
other researches®*~°° efforts have integrated image representa-
tions with diagnostic reports, incorporating age information,
cytology reports, HPV test results, and cervix transformation
zone type to provide more comprehensive information for
diagnosis.

Existing CAD systems®%°*? for cervical lesions classification
via colposcopy images have made considerable progress, but
some problems still need to be solved urgently. First, many exist-
ing methods can only process single-frame samples, making
them ignore important information in acetic acid reaction se-
quences and iodine staining. Most studies focus solely on the
classification of LSIL and HSIL, disregarding the normal state,
which may hinder precision treatment for patients. Third,
methods based on information fusion introduce a large amount
of redundant representations, significantly affecting the model’s
efficiency. Simultaneously, these models may be prone to over-
fitting when the training sample is small or incomplete. Addition-
ally, most colposcopy datasets are proprietary and difficult to
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Figure 2. Visualization of the collected multi-modal dataset for cervical lesions classification

OM defines Optical Magnification, and ZR means Zoom Ratio.

access. These datasets usually focus on single-modal data
collection and give less attention to multi-modal samples.

To tackle the issues mentioned, we gathered a multi-modal
dataset for classifying cervical lesions. Utilizing this dataset,
we developed a method called CerviFusionNet for cervical
lesions analysis. This method can extract robust features from

Table 1. Basic characteristics of the collected dataset

Pathological results Number of images (cases * 4)
Normal 253*4
LSIL 2344
HSIL 2144

Notes: LSIL: low-grade squamous intraepithelial lesions; HSIL: high-
grade squamous intraepithelial lesions.

multi-modal images and uncover the relationships between input
samples. To our knowledge, this dataset may be the first publicly
available multi-modal colposcopy dataset. It contains 2,273
HPV+ cases, and all of the samples are annotated by experi-
enced doctors. This dataset comprises original images, 60s
and 120s acetic acid reactions, iodine staining, diagnoses, and
pathology reports. To take full use of multi-modal colposcopy
images, the proposed CerviFusionNet employs a hybrid archi-
tecture with three feature extraction branches that obtain
discriminate features from input samples. Specifically, we have
designed a Temporal Encoder Module for the acetic acid reac-
tion data to extract correlations in the time dimension. Then,
the Feature Fusion Module fuses these input features and out-
puts refined representations with more discriminability and
robustness. Finally, a simple MLP can map the refined feature
into classification results. The details of CerviFusionNet are

iScience 27, 111313, December 20, 2024 3
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Figure 3. The details of proposed module in
CerviFusionNet

(A) The structure of O-Branch in Hybrid Architec-
ture. It forms by hybrid architecture with Linear and
CT Block.

(B) The details of the Stem Block, which can make
4X downsizing for the input samples.

(C) The architecture of proposed RFFN module.
(D) Details of the CT Block, which consists of three
key modules: Local Feature Unit (LFU), Multi-head

Stride=1
GELU

Self-attention Encoder (MHSA), and Residual
Feedforward Network (RFFD).

(E) The structure of proposed Feature Fusion
Module.

outstanding performance in terms of

accuracy and effectiveness. More-
over, the model’s accurate predictions
highlight its potential for use in clinical
scenarios.

(4) To further verify the robustness and
generalization of proposed CerviFu-
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shown in Figure 1. In summary, the primary contributions of this
paper are as follows.

(1) We introduced the open-source, large-scale multi-modal
colposcopy dataset, designed to facilitate the develop-
ment of deep learning-based cervical lesions classifica-
tion methods.

(2) Based on multi-modal colposcopy data, we designed the
CerviFusionNet model to predict cervical lesions effi-
ciently. Through the proposed Hybrid Backbone, Tempo-
ral Encoder Module, and Feature Fusion Module, our
model can explore the relationship among the multi-
modal information and optimize the model performance.

(3) We conducted extensive experiments to verify the effec-
tiveness of proposed CerviFusionNet and compare it
with existing cervical lesions diagnosis systems. The res-
ults demonstrate that our proposed approach achieves

4 iScience 27, 111313, December 20, 2024

sionNet, we also collected an external
validation dataset containing 50 ca-
ses, then evaluated the pre-trained
model on it. The results show that
CerviFusionNet still can achieve prom-
ising results on cervical lesions predic-
tion. Furthermore, there is only a slight
performance difference between our
method on external and internal data-
sets, demonstrating the generalization
of our method.

RESULTS

Dataset characteristics

The dataset includes information about

2,273 patients who visited the gynecologi-

cal colposcopy clinic at the First Teaching

Hospital of Tianjin University of Traditional
Chinese Medicine between July 2021 and August 2023. After
analysis, 701 patients are meeting the requirements for data
collection. All patients perform colposcopy examinations and bi-
opsies. Based on the pathological reports, patients were classi-
fied into three categories: pathological normal (Normal), low-
grade squamous intraepithelial lesion (LSIL), and high-grade
squamous intraepithelial lesion (HSIL). Specifically, this dataset
includes 253 HPV-positive without cervical lesions cases, 234
LSIL cases, and 214 HSIL cases, totaling 2,804 images. Each pa-
tient has four colposcope images, including original colposcopy
images (Original), acetic acid reaction time series at 60 and
120 s (Acid-60s, Acid-120s), and iodine staining images (lodine).
Besides, we also collected patients’ clinical text information
such as age, TCT and HPV status. All of the collected images
are JPEG with the resolution of 1280 x 960. Magnification ranges
from 1 to 40 times, depending on the patient’s condition. Of note,
all the colposcopy images were obtained by doctors with more
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Table 2. Performance comparison of proposed method versus
existing cervical lesion diagnosis systems

Methods Accuracy F1-Score Precision Recall
AlexNet 0.675 0.6726 0.6731 0.675
VGG-16 0.7083 0.7054 0.7071 0.7083
ResNet-34 0.75 0.749 0.75 0.75
ResNet-101 0.7666 0.7656 0.7656 0.7666
HRNet-W48 0.775 0.7748 0.7757 0.775
Swin 0.7833 0.783 0.7847 0.7833
LSTM 0.5416 0.5418 0.546 0.5416
CerviFusion 0.8333 0.8333 0.8545 0.8333

than ten years of experience. The pathological reports are used as
ground truth for these collected samples. All the sensitive infor-
mation was removed, and the data entries were anonymized. Fig-
ure 2 shows some examples of our established multi-modal data-
set and Table 1 provides detailed information about the collected
dataset. The study protocol was approved by the institutional re-
view board (IRB) of the First Teaching Hospital of Tianjin Univer-
sity of Traditional Chinese Medicine (TYLL2023-Z-045). Written
content was obtained from all the subjects upon image collection.

Comparison of the CerviFusionNet with different
methods

In order to verify the effectiveness of our proposed method (de-
tails are shown in Figure 3), we compared it with several existing
algorithms. Most of the existing colposcope image classification
systems are based on single-modal datasets, which usually
employ a complex Convolutional Neural Network (CNN) back-
bone to extract features and then use Multilayer Perceptron
(MLP) to map them into prediction results. Therefore, we utilized
classical deep learning methods to reimplement these cervical
lesion diagnosis systems, including VGG,®” ResNet,*® HRNet,*°
and Swin-Transformer.*® Specifically, all experiments were con-
ducted using our collected dataset. To ensure fair comparison,
we implemented all methods within the same software and hard-
ware environment. The detailed results are presented in Table 2.
As we can find that, our proposed CerviFusionNet better than
other comparison methods in all evaluation metrics, with accu-
racy, f1-score, precision, and recall of 0.8333, 0.8333, 0.8545,
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and 0.8333 respectively. These results indicate that our proposed
method achieve excellent performance and practicality in cervical
lesions diagnosis.

Among them, the LSTM approach shows the worst perfor-
mance compared with other approaches, indicating that the
CNN or ViT plays an essential role in cervical lesion classification.
The system with ResNet-101 performs better than VGG-16 and
AlexNet. It suggests that the complex backbone has a stronger
capacity for feature extraction and image classification. How-
ever, the complex backbone often has large model parameters
and computational costs, damaging the inference speed and
increasing resource consumption. Compared with ResNet-34,
system with ResNet-101 has only a slight advantage in model
performance, but the model parameters and computational
costs have increased by 110.8% and 104.3%, respectively.
When the single-modal model’s performance reaches a certain
range, increasing the model parameters and computational
costs cannot significantly improve the performance. HRNet-
W18 performs better than ResNet-101, indicating that the
multi-scale feature and global information enhance the model
performance in cervical cancer classification. Method with
Swin-Transformer gets the best accuracy in the single-modal
model. It demonstrates that the Vision Transformer-based struc-
ture has more advantages in handling colposcopy images.
Based on this analysis, our proposed method combines the
strengths of multi-scale features, multi-modal information, and
hybrid architecture to achieve significant advantages over exist-
ing diagnosis systems.

Validation on external dataset

To evaluate the generalization of our proposed method, we
conduct experiments on the external dataset. This dataset forms
50 cases (12 Normal, 21 LSIL, and 17 HSIL) collected by the First
Teaching Hospital of Tianjin University of Traditional Chinese
Medicine (XiQing District), details are shown in Table S1. The
data type and annotation function are consistent with our
established multi-modal cervical lesions classification dataset.
Then, we validate the model performance with pre-trained
CerviFusionNet on the external dataset, and the results are
shown in Figure 4. Our proposed method demonstrates impres-
sive accuracy, f1-score, precision, and recall of 0.8000 and
0.8083, 0.8155, and 0.8025, respectively. Additionally, the

Figure 4. Confusion matrix of CerviFusionNet
08 on the external validation dataset
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Table 3. The model performance with different backbone in
terms of accuracy, F1-score, precision, and recall. Higher is
better

Table 5. The effectiveness of proposed Temporal Encoder
Module (TEM) in terms of accuracy, F1-score, precision, and
recall

Methods Accuracy F1-Score Precision Recall Methods Accuracy F1-Score Precision Recall
VGG-16 0.7916 0.7916 0.7970 0.7916 w.o. TEM 0.8166 0.8163 0.8216 0.8166
ResNet-34 0.8166 0.8155 0.8179 0.8166 w. TEM 0.8333 0.8333 0.8545 0.8333
Our Method 0.8333 0.8333 0.8545 0.8333 Notes: w.o. TEM means the CerviFusionNet without Temporal Encoder

performance of CerviFusionNet surpasses existing methods for
classifying cervical lesions when tested on an external dataset.
The test results of the external dataset show minimal deviation
compared to the internal testing data, further demonstrating
the robustness and generativity of the proposed model.

Comparison of different backbones in model
performance

In this section, we investigate the effectiveness of the pro-
posed hybrid feature extraction module and conduct experi-
ments on our collected data. The designed hybrid feature
extraction module can discriminate representations from the
input samples. To ensure a fair comparison, we replaced our
proposed hybrid architecture with VGG-16 and ResNet-34.
Then, these methods would be trained with the same experi-
mental settings. The detailed results are reported in Table 3
and Figure S1A. Compared with CerviFusionNet using VGG-
16, the system employing the proposed hybrid structure
achieved a relative improvement of 5.3% and 5.3% in accu-
racy and f1-score, respectively. This indicates that the hybrid
structure is suitable for classifying cervical lesions compared
to classical deep-learning backbones. To further evaluate
the model performance, we conduct extensive experiments
to compare the model parameters and computational costs.
The results are shown in Table 4 and Figure S2. The CerviFu-
sionNet with hybrid feature extraction module is much small in
model parameters (15.7M) and computational costs (2.76G),
compared to system with VGG-16 or ResNet-34. According
to Tables 2 and 4, the proposed model can better balance
model performance and complexity than the comparison
models. This demonstrates the potential of the proposed
CerviFusionNet as an automated method for cervical lesion
classification in clinical applications.

Effectiveness of temporal encoder module

The change of acetic acid reaction sequence over time is an
important indicator for doctors in diagnosing cervical lesions.
In order to make full use of these temporal features, we introduce
the GRU-based Temporal Encoder Module, which can find the
global relationship between different frames. To verify the

Table 4. The results of our proposed Hybrid Architecture
compared with VGG-16 and ResNet-34 in model parameters
(Params) and computational costs (FLOPs)

Methods Params (M) FLOPs (G)
VGG-16 138.36 15.61
ResNet-34 21.80 3.68

Our Method 15.71 2.76

6 iScience 27, 111313, December 20, 2024

Module, while the w. TEM defines the CerviFusionNet with Temporal
Encoder Module.

effectiveness of the Temporal Encoder Module, we perform a
comparison experiment between the method with TEM and
without TEM. It can be seen from Table 5 and Figure S1C,
CerviFusionNet with TEM can achieve accuracy and f1-score
of 0.8333 and 0.8333, which is better than CerviFusionNet
without TEM. These findings emphasize that temporal informa-
tion is essential for cervical lesions classification, and the TEM
can significantly boost the model performance.

Effectiveness of different modalities in model
performance

In order to explore the impact of different modalities data on the
proposed method, we designed several experiments to
compare the results between them. For this purpose, we con-
ducted extensive experiments to verify the model performance
with signal-modal or multi-modal datasets. Of note, the model
structure would be adjusted according to the input data type.
For instance, if the input data is only the original image, the
Feature Extraction Branch only contains the O-Branch, while
the A-Branch and |-Branch would be discarded. When the input
data contains the iodine staining sample and acetic acid reaction
sequences, the Feature Extraction Branch would retain the
A-Branch and I-Branch but drop the O-Branch. The detailed re-
sults are shown in Table 6. Based on the results, it is evident that
training with just one type of data leads to relatively poor results.
However, combining two data types enhances the algorithm’s
performance significantly. The proposed method can achieve
the best accuracy when feeding input data with three modalities.
This finding highlights the importance of multi-modal data in cer-
vical lesions classification. Additionally, we observed that the
acetic acid reaction sequences had a more significant impact
on the results compared to the other two data types, which is
aligned with doctors’ experience.

Table 6. The model performance with different combination of
data type in terms of accuracy, F1-Score, precision, and recall

Original lodine Acid Accuracy F1-Score Precision Recall
v - - 0.7166 0.7173 0.7182 0.7166
v - 0.7333 0.7321 0.7441 0.7333
- - v 0.7833 0.7806 0.7799 0.7833
I I - 0.7750 0.7736 0.7787 0.7750
I - v 0.8250 0.8247 0.8267 0.8250
- I I 0.8166 0.8169 0.8184 0.8166
v I v 0.8333 0.8333 0.8545 0.8333
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Table 7. The model performance of CerviFusionNet with
different single-modal data, including original image (Original),
Acetic acid samples of 60s (Acid-60s) and 120s (Acid-120s), and
lodine images (lodine)

Data Type Accuracy F1-Score Precision Recall
Original 0.7166 0.7173 0.7182 0.7166
Acid-60s 0.7416 0.7416 0.7416 0.7416
Acid-120s 0.7583 0.7563 0.7587 0.7583
lodine 0.7333 0.7321 0.7182 0.7166
DISCUSSION

Accurate classification of cervical lesions is crucial for precise
patient treatment. Automated cervical lesion diagnosis systems
based on Al technology have shown great potential, but they still
need to overcome many challenges. In this paper, a three-cate-
gory classification method for cervical lesions was developed,
including Normal, LSIL, and HSIL.

Due to expensive data collection and complex model design,
most CAD systems for cervical lesion classification are built on
single-modal datasets. However, the single-modal dataset
may lose much useful information, making it difficult for existing
methods to achieve high accuracy in cervical lesion classifica-
tion. Some studies indicate that multi-modal CAD systems for
cervical lesions classification generally outperform single-modal
ones. In the field of colposcopy diagnosis, the various modalities
of data contain different information, which contributes differ-
ently to the final results. We conducted experiments to explore
the contribution of different modalities to the final results. For
this purpose, we used different single-modal datasets like orig-
inal images, iodine staining samples, acetic acid reaction of
60 s, and acetic acid reaction of 120 s. The results of these

Original lodine Acid-60s

¢? CellPress

OPEN ACCESS

experiments are presented in Table 7 and Figure S1B. Based
on the observations, the model trained with acetic acid reaction
samples outperformed other models trained with original images
and iodine staining samples. This indicates that the acetic acid
reaction samples contain more effective information for classi-
fying cervical lesions. However, it is essential to note that sin-
gle-modal methods still fall behind multi-modal approaches
regarding accuracy and robustness.

The deep learning models have strong feature extraction
capabilities, which are very beneficial for analyzing medical
images, especially for colposcopy samples. However, inter-
preting these models remains challenging. Our proposed Cervi-
FusionNet leverages the multi-modal dataset to output precise
cervical lesion classifications. Nevertheless, it is hard to deter-
mine which features contribute to the final results. To address
this problem, we applied Grad-CAM to visualize the extracted
features across the three feature extraction branches, and the
results are shown in Figure 5. The model focuses on the cervical
orifice for pathological Normal cases, while for disease cases
(LSIL/HSIL), it looks at different regions beyond just the orifice.
In the HSIL case, the model identifies cervical intraepithelial le-
sions, and its attention range changes over time for acetic acid
reactions. These results emphasize that the visualization of
attention localization demonstrates that our model successfully
extracts the key diagnostic information from the multi-modal in-
puts, emulating experienced doctors’ evaluation process.

Limitations of the study

In this study, we introduced a large-scale public multi-modal
colposcopy dataset for cervical lesion classification. Based on
this dataset, we developed CerviFusionNet, a framework for
multi-class cervical lesion classification. After validating model

Acid-120s Figure 5. Using Grad-CAM for heatmap

Normal

B g

LSIL

HSIL

SRS SR ey

visualization highlights areas important for
model predictions, enhancing interpret-
ability and explainability
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performance on internal and external datasets, we found that
CerviFusionNet achieves promising prediction accuracy and ex-
hibits advantages in computational efficiency. However, there
are still many challenges that need to be addressed. First, the
proposed CerviFusionNet only uses multi-modal image data as
input and does not incorporate clinical text information, such
as the HVP test, TCT, and age. In future work, we aim to expand
CerviFusionNet to leverage more clinical text information along
with colposcopy images, which could further enhance diag-
nostic performance. Second, we can develop Large Vision
Model (LVM) to understand the pair of colposcopy image and
clinical text, then employ the pretrained LVM to annotate plentiful
of unlabeled sample. Currently, the collected multi-modal data-
set was collected from a single center. In the next step, we will
expand this dataset into a multicenter cohort for research and
improve our model to improve generalization performance.
Furthermore, the CerviFusionNet for classify hard cases will be
studied. We will also explore the application of proposed method
cervical lesions classification studies.

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to and will
be fulfilled by the lead contact, J.M. (email: majing2609@163.com).

Materials availability
Materials are available upon request to J.M. (majing2609@163.com).

Data and code availability

o The raw medical images can be made available for research purposes
upon reasonable request to the lead author, following appropriate
ethical clearance and data sharing agreements.

® Source codes have been deposited at Github. (https://github.com/
Li-OmicsLab/CerviFusionNet/tree/main/Sourcey/).

o Any additional information required to reanalyze the data reported in this
paper is available from the lead contact upon request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited dataset

CerviFusionNet This paper https://github.com/Li-OmicsLab/CerviFusionNet/

Multi-modal cervical lesions dataset This paper https://github.com/Li-OmicsLab/CerviFusionNet/tree/main/Dataset/
Source code This paper https://github.com/Li-OmicsLab/CerviFusionNet/tree/main/Source/
Software and algorithms

Python (version: 3.10) Python software https://pytorch.org/

PyTorch (version: 1.10.0) PyTorch software https://pytorch.org/

Cuda (version: 11.6.0) Nvidia https://developer.nvidia.com/

Numpy (version: 1.23.5) Numpy package https://numpy.org/

Pandas (version: 1.21.5) Pandas package https://pandas.pydata.org/

GradCam Jacob et al. https://github.com/jacobgil/pytorch-grad-cam/

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Ethical statement
The study was approved by the Institutional Review Board (IRB) of First Teaching Hospital of Tianjin University of Traditional Chinese
Medicine (TYLL2023-Z-045). The written consent was obtained from all the subjects upon image collection.

Datasets

The dataset includes information about 2,273 patients who visited the gynecological colposcopy clinic at the First Teaching Hospital
of Tianjin University of Traditional Chinese Medicine between July 2021 and August 2023. After analysis, 701 patients are meeting the
requirements for data collection. All patients perform colposcopy examinations and biopsies. Based on the pathological reports, pa-
tients were classified into three categories: pathological normal (Normal), low-grade squamous intraepithelial lesion (LSIL), and high-
grade squamous intraepithelial lesion (HSIL). Specifically, this dataset includes 253 HPV-positive without cervical lesions cases, 234
LSIL cases, and 214 HSIL cases, totaling 2,804 images. Each patient has four colposcope images, including original colposcopy im-
ages (Original), acetic acid reaction time series at 60 and 120 s (Acid-60s, Acid-120s), and iodine staining images (lodine). Besides,
we also collected patients’ clinical text information such as age, TCT and HPV status. All of the collected images are JPEG with the
resolution of 1280 x 960. Magnification ranges from 1 to 40 times, depending on the patient’s condition. Notable, all the colposcopy
images were obtained by doctors with more than ten years of experience. The pathological reports are used as ground truth for these
collected samples. All the sensitive information was removed, and the data entries were anonymized.

Implementation details

During the training phase, all input images need to be rescaled to the resolution of 224 x 224. The data augmentation technologies
are employed to improve the model’s robustness, including random rotation, occlusion, scaling, horizontal flipping, and blurring. The
total epochs are 300, and the mini-batch size is 128. We choose Adam as the optimizer with 3, = 0.9, 6, = 0.999, and the weight
decay of 0.0001. The initial learning rate is set to 10~* and reduced 10~ following the cosine annealing schedule. The implementa-
tion of our method is based on PyTorch with one NVIDIA Tesla A100 GPU.

We conduct all the experiments on the collected dataset. The dataset is split 80%/20% for training/testing by patient ID. We adop-
ted 5-fold cross-validation to verify the prediction performance of the proposed model, which can reduce the impact of partition
randomness on the obtained results. We utilize the Cross Entropy Loss (CE) to compare the prediction results by our proposed
method with ground truth. The CE Loss function can be defined as:

Lo = = > yilog(p) (Equation 1)

where the y; and p; represents the ground truth and prediction result, respectively.
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METHOD DETAILS

Image preprocessing
Following the standard convention for computer vision models, all the images used in the experiments are normalized using the mean
and standard deviation.

Labels preprocessing
Each case collected should be annotated according to the pathological results. If the case has no cervical lesions, it should be
marked as ‘0’; if it is LSIL, it should be marked as ‘1’; if it is HSIL, it should be marked as ‘2’.

Proposed method

Overview

Colposcopy can effectively reduce the incidence of cervical cancer, but it requires experienced doctors. Existing CAD systems for
cervical lesions classification via colposcopy images have made considerable progress, which could potentially lessen the workload
of colposcopy doctors. However, most classification systems are based on single-modal data, making it challenging to obtain high-
accuracy predictions in real-world scenarios. Therefore, we propose a cervical lesions classification system based on deep learning
and multi-modal data named CerviFusionNet. Figure 1 shows that the proposed method takes advantage of the original image, acetic
acid reaction sequence, and iodine images to classify cervical lesions into Normal, LSIL, and HISL. The proposed CerviFusionNet
consists of three parts: Stem Block, Hybrid Architecture, and Prediction Head. The Stem Block can extract multi-scale detailed in-
formation from input samples and reduce the resolution quickly. Hybrid Architecture is responsible for extracting robustness repre-
sentations following the Stem Block. Specifically, the Hybrid Architecture can leverage the advantages of CNN and ViT for feature
extraction. The Prediction Head is formed by the Feature Fusion Module and a group of MLP. The Feature Fusion Module is employed
to fuse these extracted features and generate refined representations, forcing the model to pay more attention to some important
information and enhance the feature discriminability. Finally, the fused representations are mapped into cervical lesions classification
results by MLP.

Stem Block

The computational costs of deep learning models are closely linked to their operational efficiency. Cervical lesion classification re-
quires highly efficient models, so it is important to prioritize computational costs. Additionally, the Hybrid Architecture, combining
with CNN and ViT, needs to address ViT’s limitation in encoding local information. Inspired by previous works, we designed the
Stem Block to address these issues. The specifics of the Stem Block are illustrated in Figure 3B. As we can see, the Stem Block
is formed by three convolutional layers. We arrange two convolutional layers with the stride of 2 for downsizing, then utilize one con-
volutional layer with the stride of 1 to get discriminated representations. As a result, the Stem Block can downsize the input sample by
four times. The fast down-sampling strategy in the Stem Block significantly reduces the computational costs and optimizes the oper-
ating efficiency. Notably, we use one set of Stem Block weights to process data from all three modalities without any adjustments.
Hybrid Architecture

In order to simulate the diagnostic process of experienced colposcopy doctors, the proposed CerviFusionNet should encode three
types of input samples simultaneously, including original images, acetic acid reaction sequence, and iodine staining samples. It is
challenging for classic backbones to process these multi-modal data efficiently. To address this, we have developed a Hybrid Archi-
tecture using CNN and ViT to extract distinct representations from multi-modal colposcopy images.

The details of Hybrid Architecture are shown in Figures 1 and 3A. Specifically, Hybrid Architecture follows the Stem Block, which
consists of three feature extraction branches, including O-Branch, A-Branch, and I-Branch. Among them, O-Branch for processing
original images, A-Branch should handle acetic acid reaction sequence, and I-Branch for extracting features from iodine staining
samples. Notable, the original image and iodine staining sample are single-frame data. Therefore, the structure of O-Branch and
I-Branch are similar. However, the A-Branch must extract robust representation from acid reaction sequences and establish the rela-
tionship between different frames. Compared with I-Branch or O-Branch, the structure of A-Branch is more complex, including mul-
tiple feature extraction modules and a temporal encoder module. Specifically, the Temporal Encoder Module (TEM) comprises bidi-
rectional Gated Recurrent Units (GRU) that output latent embedding and contain information incorporated from different frames in the
acetic acid reaction sequence. We take the O-Branch as an example to describe the detailed workflow of these feature extraction
branches, which are shown in Figures 3A and 3D. As we can see, the proposed CTBlock is the main component of the O-Branch,
which is used to tackle both local redundancy and global dependency for effective and efficient medical image-related tasks, espe-
cially for the classification of cervical lesions. Precisely, our CTBlock consists of three key modules: Local Feature Unit (LFU), Multi-
head Self-attention Encoder (MHSA), and Residual Feedforward Network (RFFD). The following sections will provide detailed de-
scriptions of the LFU, MHSA, and RFFD. Besides, we also report the details of TEM.

Local feature unit (LFU). Data augmentation techniques, such as rotation and shift, are widely used in computer vision tasks to
enhance visual feature diversity and boost model generalization. However, Transformer-based approaches require position encod-
ing to determine the absolute position of each input patch, which damages the translation-invariance and rotation-invariance of the
inputimage. Ignoring the space-invariance of image may affect the model performance and reduce prediction accuracy. Additionally,
ViT often emphasizes extracting global information while overlooking local representation and structure relationships within the
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patch. In order to make full use of the capacity of the Transformer-based structure, we introduce the LFU to get the local features and
detailed representations, which can enhance the performance of the Vision Transformer Encoder. Given an input feature, the LFU
extracted representations can be defined as follows:

LFU(X) = Conv(X)+X (Equation 2)

where the X € R?*W*¢ Hx W and C defines the resolution and the dimension of input feature map respectively. The Conv(-) denotes
the standard Convolution layer.

Multi-head self-attention encoder (MHSA). We choose the proposed LFU is used to extract the local features and detailed repre-
sentations, which are essential but hard to be explored by ViT directly. Following the LFU, we employ Transformer encoder to
capture the long-range relationships between different feature maps. Specifically, the CNN module to extract the low-level feature
F, e RHXWexNe \where the N, defines the dimension of F.. Then, these feature maps are flattened into sequences Fs € RY*L where
L = H. x W,. Finally, Fs go through several multi-head self-attention encoders to get the refined representations. In our setting, the
input feature maps should project into queries (Q), keys (K), and values (V), the self-attention operation can be calculated as follow:

) QKT .

Attention(Q,K,V) = softmax< )V (Equation 3)
Vdk

where, dy is the dimension of the query and key, which is essential for maintaining gradient stability during model training. The Trans-

former module generates high-level representations F; € R9*L, which contains global information and learned potential dependency.

Self-attention operations allow the model to focus on highly relevant features for the final results by exploring intrinsic connections

between features. The MHSA contains several parallel self-attention heads, which can be defined as follows:

Head; = Attention(QW?2, KW/, VW) (Equation 4)

MHSA(Q,K,V) = Concat(Head:,Head,, ...,Head,)Wuypsa (Equation 5)

Where, the W2, WK, WY, and Wyusa are the matrices of MHSA.

Refine feedforward network (RFFN). Following ViT,*"*> the FeedForward Network (FFN) is placed behind the MHSA, which
contains two linear layers and a GelLU activation function. In this paper, we propose a scheme with some Convolution layer
instead of classical Feedforward Network (FFN) named Refine Feedforward Network (RFFN), which is demonstrated in Figure 3C.
This change allows the model to incorporate local information, improving performance. The addition of Convolutional layers helps
the vision transformer to capture detailed local information, which is beneficial to accurate cervical lesions prediction. The
definition of RFFN is shown as follow:

RFFN(X) = Conv(F(X))+X (Equation 6)

F(X) = DWConv(DWConv (X)) (Equation 7)

where the DWConv (-) represents the Depth-wise Convolution for get local information with limited model parameters and compu-
tations costs.

Temporal encoder module. Acetowhite opacity is significantly correlated with cervical lesions grades in cervical screening. The
doctors repeatedly compare the original image with the acetic acid reaction sequence and analyze the changes in the acetowhite
epithelium to make a preliminary judgment. Therefore, the acetic acid reaction process is an important indicator for colposcopy doc-
tors to judge the degree of cervical lesions. Based on this assumption, we propose the Temporal Encoder Module, formed by two
GRU. The temporal encoder module is placed after the feature extraction module in the A-branch. It is responsible for producing a
latent vector that contains temporal dependency between input sequences.

Prediction head

The input sample goes through three feature extraction branches, which generate a set of feature maps: Fp, F4, and F;. These maps
define the representations created from O-Branch, A-Branch, and I-Branch, respectively. Since the input images belong to the same
patient, there exists some correspondence between these input feature maps. Therefore, we utilize the Convolution layer to fuse
these input features and output refined representations with more discriminability and robustness, which is beneficial to optimizing
model classification performance. As shown in Figure 3E, three feature maps are initially concatenated and then processed with a
Convolution layer with the kernel size of 1. The specific calculation process is shown as follows:

Fiuse = Conv(Cat(F,,Fa,F;)) (Equation 8)

where, the Fyse defines the refined feature. Then, Fzse should passed through an MLP to obtain cervical lesion results, which include
Normal, LSIL, and HSIL.
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QUANTIFICATION AND STATISTICAL ANALYSIS

We evaluate model performance by four commonly used metrics like accuracy, F1-score, precision, and recall. Definitions of these
metrics are provided below.

Accuracy = % (Equation 9)
Precision = % (Equation 10)

Recall = % (Equation 11)

F1 — score = 2 2’:{?;’;2’; ;(ei:;l:all (Equation 12)

where TP stands for the true positive, which means the patient belongs to the positive category and is correctly classified. FN is the
false negative, which refers to the patient in the positive category but is predicted to be negative. Similarly, TN and FP represent true
negatives and false positives, respectively. Their definitions are similar to those of TP and FN mentioned above. The F1 score is an
evaluation metric that combines precision and recall, providing a balanced reflection of the model’s overall performance. In addition,
we use the number of parameters (Params) and floating-point operations (FLOPSs) to measure the complexity of deep learning model.
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