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Abstract

Cervical cancer is a major malignancy that threatens women'’s health, and early screening is a core strategy for reducing its in-
cidence and mortality. Multimodal fusion artificial intelligence (AI) pathological diagnosis models integrate multidimensional
data—including cytological images, colposcopic images, whole-slide histopathological images, clinical data, and molecular
testing results —and may enhance the detection sensitivity, grading accuracy, and screening efficiency for early cervical cancer
and precancerous lesions. However, traditional cervical cancer screening methods face limitations such as high subjectivity,
reliance on single-source information, relatively low efficiency, and insufficient primary care resources. Furthermore, existing
reviews mostly focus on single-modal AI models or specific technical aspects, lacking a comprehensive analysis of the full
technical framework and clinical translation pathways of multimodal fusion models. This review aims to comprehensively
present the development and application of multimodal fusion Al models in pathological diagnosis for early cervical cancer
screening. Specifically, it comprehensively details the technical architecture, data modalities, and fusion strategies —including
deep learning, attention mechanisms, and cross-modal alignment techniques — that enable the complementary representation
of morphological, clinical, and molecular information. Additionally, the review integrates recent advances in clinical applica-
tions and evaluates current translational challenges, providing insights into clinical validation pathways to bridge technologi-
cal innovation and practical healthcare delivery. In conclusion, with further technological refinement and clinical validation,
multimodal fusion Al may become a useful tool for improving the precision and efficiency of cervical cancer screening and
prevention, and may inform the standardized application and translational research of Al technology in this field.

Introduction and accurate early screening central to cervical cancer prevention
and control. The World Health Organization has proposed a global
strategy for the elimination of cervical cancer by 2030, with three
core targets to be achieved by that year: 90% of girls fully vac-

cinated against human papillomavirus (HPV) by age 15, 70% of

Cervical cancer ranks as the fourth most common malignant tumor
among women globally, with approximately 604,000 new cases
and 342,000 deaths worldwide in 2020. In China, the annual inci-
dence reaches 140,000 cases, resulting in 37,000 deaths, and the

age of onset is trending younger.! High-grade squamous intraepi-
thelial lesions (HSIL/CIN II) represent a critical intervention point
for early-stage cervical cancer. The 5-year survival rate can exceed
90% following standardized treatment, making highly efficient
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women screened with a high-performance test by age 35 and again
by age 45, and 90% of women with cervical disease receive ap-
propriate treatment and management.”

China faces a shortage of more than 80% of the required num-
ber of pathologists, and primary-level screening capacity is weak.
Traditional manual slide review is associated with issues such as
underdiagnosis, misdiagnosis, low efficiency, and poor standardi-
zation.? Artificial intelligence (AI) technology has demonstrated
significant potential in the analysis of pathological images and the
interpretation of molecular data. Single-modal Al models have
been preliminarily applied to cervical cancer screening; however,
their reliance on a single information dimension limits their abil-
ity to comprehensively reflect the pathological characteristics and
biological behavior of lesions. Multimodal fusion technology, by
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integrating two or more diagnostic information sources, compen-
sates for the shortcomings of single modalities, thereby enhancing
the diagnostic accuracy, stability, and generalizability of models.
This approach has become a research focus in early cervical cancer
screening.

Existing reviews on Al-assisted cervical cancer screening have
predominantly focused on single-modal cytological image analy-
sis or individual molecular detection technologies, with limited
in-depth discussion of the integration of multi-source diagnos-
tic information. Few studies have comprehensively analyzed the
complete technical chain from multimodal data preprocessing to
clinical deployment, nor have they comprehensively addressed the
translational barriers from laboratory research to large-scale pri-
mary care applications.

With the rapid development of multimodal fusion technology
and the urgent need to improve cervical cancer screening efficien-
cy in low-resource settings, a comprehensive review integrating
technical advances and clinical practice is urgently needed to guide
the standardized development and application of this technology.

This review aims to comprehensively synthesize multimodal
fusion AI pathological diagnosis models, detailing their core
technical architectures and clinical applications across the entire
screening continuum. By critically evaluating existing transla-
tional bottlenecks and future development directions, this work
highlights the clinical applicability and primary care deployment
potential of these models, ultimately delivering actionable insights
for both technical researchers and clinical practitioners.

Limitations of traditional cervical cancer screening tech-
niques

Traditional cervical cancer screening techniques, primarily in-
cluding cervical liquid-based cytology (TCT/LCT), HPV testing,
cervical biopsy, and colposcopy, remain the mainstay for current
screening and diagnosis. However, they possess significant inher-
ent limitations that constrain improvements in screening efficacy.

Limitations of cervical liquid-based cytology

As a first-line screening technique, liquid-based cytology has im-
proved slide preparation quality and microscopic visualization
but suffers from multiple shortcomings: (1) Strong subjectivity
in diagnosis: The inter-observer agreement (Kappa value) among
different physicians for interpreting borderline lesions is only 0.5—
0.7, with a false-positive rate of 15-30% and a false-negative rate
of 8-15%.* (2) Limited morphological information: It provides
only two-dimensional cellular morphological features, making it
difficult to differentiate between inflammation and precancerous
lesions. (3) Challenges in the standardization of preparation and
data: Specimen adequacy remains affected by sampling and prepa-
ration quality, and unsatisfactory rates vary across liquid-based
cytology platforms and laboratories.5 (4) Low efficiency: Manual
screening of a single slide requires 3—5 min, making it difficult to
adapt to large-scale population screening.

Limitations of HPV testing

High-risk HPV (HR-HPV) testing is a core molecular screening
technique, yet it has limitations: (1) Insufficient identification of
carcinogenic activity: Routine DNA testing cannot distinguish be-
tween transient and persistent infections, leading to overdiagnosis
and overtreatment, while E6/E7 messenger RNA (mRNA) testing
alone lacks sufficient specificity.® (2) Lack of subtype-specific dif-
ferentiation: It cannot quantify the differential carcinogenic risks
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associated with different HR-HPV subtypes. (3) Susceptibility to
interference: Significant variations in sensitivity and specificity
exist among different technologies, and results can be biased due
to inadequate sampling or cross-contamination.” (4) Low stand-
ardization: Poor comparability of test results across different labo-
ratories hinders large-scale implementation.

Limitations of cervical biopsy technique

As the diagnostic “gold standard,” cervical biopsy has limitations:
(1) Sampling limitations: The omission rate for small or occult
lesions can reach 15-30%, and sampling from the endocervical
transformation zone is challenging.® (2) Strong subjectivity in di-
agnosis: Low diagnostic consistency among different physicians for
borderline lesions. (3) Non-standardized sample processing: Tissue
deformation can affect diagnostic accuracy. (4) Limited integration
with clinical management: Cervical biopsy provides localized histo-
pathological information but does not, by itself, integrate cytology,
HPV status, colposcopic findings, and clinical history, which may
limit its ability to guide individualized management.’

Molecular pathological diagnostic techniques

Molecular pathological diagnostic techniques, centered on the mo-
lecular mechanisms underlying cervical carcinogenesis, provide
a rich source of molecular feature data for multimodal fusion Al
models. This drives the evolution of screening from “morphologi-
cal identification” toward “precise molecular mechanism-based
prediction,” establishing a comprehensive molecular diagnostic
system encompassing early warning, lesion identification, and risk
stratification.

Core molecular detection technologies and applications

HR-HPYV detection

HR-HPV detection is categorized into DNA genotyping and E6/
E7 mRNA detection. Conventional DNA testing exhibits high sen-
sitivity (detection rate for CIN II > 95%) but cannot distinguish
viral integration status. E6/E7 mRNA detection directly measures
the expression of viral oncogenes E6 and E7, which are responsi-
ble for the malignant transformation of cervical epithelial cells. Its
primary clinical purpose is to triage HPV-positive women, distin-
guishing between transient infections that will resolve spontane-
ously and persistent infections that carry a high risk of progression
to precancerous lesions. Most commercial E6/E7 mRNA assays
use a cutoff value based on relative light units (RLU) compared to
a positive control; for example, the Aptima HPV assay defines a
positive result as an RLU-to-cutoff (RLU/CO) ratio > 1.0. How-
ever, E6/E7 mRNA testing has limitations: it cannot distinguish
between different HR-HPV subtypes with varying carcinogenic
risks, and its sensitivity for detecting adenocarcinoma in situ is
slightly lower than that of HPV DNA testing. It is recommended
as the preferred triage method for HPV-positive women aged 25
years and older and can also be used as a primary screening test in
combination with cytology. Among these, the Aptima HPV assay
is the only HR-HPV E6/E7 mRNA detection technology approved
by the U.S. Food and Drug Administration and is widely used for
clinical triage.'?

DNA methylation detection

This technique detects abnormal hypermethylation in the promoter
regions of tumor suppressor genes (e.g., PAX1, JAM3, FAM19A44).
This epigenetic alteration precedes cytological abnormalities and
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serves as a key technology for ultra-early warning. The dual-gene
detection of PAX1/JAM3 achieves a sensitivity of 92% and a spec-
ificity of 88% for CIN II, with an AUC of 0.94, outperforming
combined HPV and cytology screening.!! The FAM19A4/miR124-
2 assay demonstrates an overall detection rate for cervical cancer
exceeding 98% and is suitable for the early diagnosis of rare patho-
logical types.!?

High-throughput and precise amplification technologies

Digital PCR (ddPCR) enables absolute quantification at the single-
copy level, making it suitable for monitoring low-load HPV infec-
tions and minimal residual disease. The levels of cell-free HPV
DNA detected by ddPCR correlate well with tumor size.' Next-
generation sequencing facilitates comprehensive analysis of HPV
genotyping, viral integration sites, and methylation profiles. The
HPV Pool-Seq strategy can reduce sequencing costs by 60% while
maintaining a detection sensitivity of 97.1%.14

Advantages and limitations of molecular pathological diagnos-
tic techniques

The core advantages of molecular pathological diagnostic tech-
niques lie in their precision, early risk prediction, and diversity:
they capture the molecular essence of lesions, enabling early de-
tection; they assess the risk of lesion progression through quantita-
tive molecular indicators, providing a basis for precise stratifica-
tion; and the variety of available technologies allows for flexible
combinations tailored to different screening scenarios.!S> However,
limitations include uneven costs, an incomplete standardization
system, inherent limitations of individual technologies, and insuf-
ficient clinical validation and translation. High-end technologies
such as next-generation sequencing and ddPCR face challenges
in widespread adoption at the primary care level, and inter-assay
variability among different reagents can reach 5-10%.16

Core technical framework of the multimodal fusion Al pa-
thology diagnosis model

A multimodal fusion Al pathology diagnosis model can be devel-
oped through a closed-loop technical framework of “data standard-
ization — feature representation — cross-modal fusion — model
learning — inference validation — interpretable output”. The core
objectives are to eliminate heterogeneity in multimodal data, un-
cover deep pathological features, achieve precise lesion stratifica-
tion, and meet clinical applicability requirements.

Standardized preprocessing of multimodal data

Multimodal data for cervical cancer screening include image mo-
dalities (TCT, colposcopy, histopathological WSI), molecular mo-
dalities (HPV genotype, immunohistochemistry quantitative val-
ues), and structured text modalities (clinical data). Preprocessing
forms the foundation for model training.

Image modalities: Unsupervised anomaly detection algorithms
are employed to discard invalid slides, and color constancy algo-
rithms are used to correct staining deviations. WSIs are tiled us-
ing non-overlapping sliding windows, while TCT images undergo
nuclear segmentation to extract individual cells, followed by nor-
malization. Data augmentation techniques, including rotation, flip-
ping, and GAN-based synthesis, are combined to mitigate sample
imbalance.!”

Non-image modalities: HPV genotypes are one-hot encoded,
and molecular numerical values are normalized using Z-score or
Min-Max scaling. Missing values are imputed using the K-Nearest
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Neighbors method. Clinical text is converted into low-dimensional
numerical vectors via embedding layers to align with the feature
dimensions of image data.'$

Dataset construction: A dual-blind review system combined
with a gold-standard annotation protocol is adopted to build a
paired multimodal dataset, requiring an annotation consistency
Kappa value > 0.85. Mainstream public datasets include Herlev,
SIPaKMeD, and CRIC Cervix.!?

Multimodal feature extraction and representation learning

High-dimensional, robust pathological features are extracted from
heterogeneous modalities and categorized into two approaches:
single-modality-specific feature extraction and cross-modal gen-
eral representation learning.

Single-modality-specific feature extractors

Pathological images: Convolutional neural networks (CNNs) such
as ResNet and DenseNet are used to extract local morphological
features, while attention-based CNNs capture global histological
structures. Vision Transformers and Swin Transformers are bet-
ter suited for the diffuse and multifocal nature of lesions, offering
superior extraction of subtle lesion features. Specialized pathol-
ogy models such as Clustering-Constrained Attention Multiple-
Instance Learning address the weak annotation problem in WSIs.?

Non-image modalities: Multi-Layer Perceptron and TabNet are
employed to extract nonlinear relationships from molecular fea-
tures, while BioBERT extracts semantic features from clinical text,
uncovering associations between clinical information and cervical
lesions.?!

Cross-modal general representation learning

Modality heterogeneity is eliminated and feature-space alignment is
achieved through fine-tuning of medical pre-trained models, cross-
modal contrastive learning (CMCL), and cross-modal knowledge
distillation. Pre-trained models such as Path-ImageNet and Med-
CLIP, based on the Cancer Genome Atlas — Cervical Squamous Cell
Carcinoma and Endocervical Adenocarcinoma data, can mitigate
poor generalization associated with small sample sizes. CMCL, con-
strained by InfoNCE loss, brings features of similar samples closer
together for semantic alignment. Knowledge distillation transfers
knowledge from stronger teacher models to student models, thereby
improving representation learning across different modalities.??

Cross-modal feature fusion strategies

Fusion strategies are categorized into data-level, feature-level,
and decision-level fusion. For cervical cancer screening, feature-
level fusion is the primary approach, supplemented by decision-
level fusion.

Data-level fusion: Involves direct concatenation of raw data,
preserving complete information but being susceptible to redun-
dancy and heterogeneity interference; thus, it is used only as an
auxiliary method.?

Feature-level fusion: This is the mainstream approach and in-
cludes simple concatenation, channel attention mechanisms (SE-
Net, CBAM), cross-modal attention, tensor decomposition, and
graph neural network (GNN)-based fusion. Among these, cross-
modal attention can capture associations between HPV infection
and cellular atypia, while GNN-based fusion can model the pro-
gressive pathological relationship of “HPV infection — cellular
atypia — tissue lesion”.2*

Decision-level fusion: Integrates results from individual single-
modality models through weighted voting, Bayesian fusion, or
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stacking ensemble methods to enhance model robustness, making
it suitable for multi-hospital data integration.?%-26

Fusion strategies should be selected according to the specific
screening task, data availability, modality heterogeneity, and de-
ployment scenario. Feature- or joint-fusion approaches may be
appropriate when paired multimodal data are available, whereas
decision-level or late-fusion approaches can be useful when mo-
dalities are incomplete or collected across institutions.

Model training and optimization

To address the three major challenges of sample imbalance, weak
annotation, and multi-hospital distribution shift, an adapted train-
ing framework is constructed: (1) Loss functions such as Focal Loss
and Weighted Cross-Entropy Loss are used to tackle sample imbal-
ance, combined with contrastive loss and modality consistency loss
to ensure the quality of fused features. (2) Training strategies em-
ploy transfer learning and incremental learning to mitigate domain
shift, and Domain-Adversarial Neural Networks are introduced to
improve cross-hospital generalization capability. (3) Model training
and optimization can involve appropriate optimizer selection and
learning-rate scheduling strategies to improve convergence and gen-
eralization.?” Model evaluation focuses on clinical needs, with core
metrics including sensitivity, specificity, AUC, Fl-score, positive
predictive value, and negative predictive value.?®

Inference deployment and interpretability

Lightweight deployment

To meet primary-level needs, techniques such as model pruning,
quantization, knowledge distillation, and TensorRT optimization
are applied. Post-training quantization can convert medical imag-
ing models to INT8 precision, reducing model size, computational
requirements, and inference latency while maintaining model per-
formance, thereby facilitating deployment in resource-constrained
settings.?

Explainable AI (XAI) techniques

Grad-CAM and LIME are used to generate heatmaps on patho-
logical images, highlighting the lesion regions on which the model
focuses. The contribution of each modality is calculated to as-
sist physicians in understanding the decision logic. Quantitative
image-analysis features can reflect pathological criteria such as
nuclear enlargement and nuclear hyperchromasia, helping align
computational outputs with cytological diagnostic criteria.?

Limitations of this review

This narrative review has several limitations that should be ac-
knowledged. First, the literature search was not conducted accord-
ing to a predefined exhaustive search protocol, which may have
led to the omission of some relevant studies, particularly those
published in non-English languages or in less accessible journals.
Second, most of the included studies were retrospective or single-
center studies, and the number of large-scale, multicenter, prospec-
tive clinical trials remains limited, which may affect the generaliz-
ability of the reported performance data. Third, the review focuses
primarily on technical and clinical aspects, with relatively less dis-
cussion on the economic evaluation and cost-effectiveness of mul-
timodal fusion AI models in different healthcare settings. Finally,
the rapid development of Al technology means that some emerg-
ing advances, such as the application of large language models in
pathological diagnosis, may not be fully covered in this review.
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Despite significant progress, multimodal fusion Al pathological
diagnosis models still face four core bottlenecks in clinical transla-
tion and large-scale application:

Heterogeneity and standardization challenges of multimodal
data: Variations in pathological image scanning equipment and
HPV testing platforms across different hospitals can lead to do-
main shift during cross-institutional data fusion. The lack of uni-
fied standards for multimodal data acquisition, annotation, and
quality control limits model generalization capabilities.!

High annotation costs and inconsistent sample quality: High-
grade cervical lesion samples are scarce, with a high proportion
of weakly labeled or unlabeled data. Manual annotation requires
experienced pathologists, incurring high costs. Non-standardized
sample collection and processing procedures in primary healthcare
institutions result in uneven data quality, adversely affecting model
training efficacy.®

The dilemma of balancing fusion efficiency and interpret-
ability: Complex cross-modal fusion models (e.g., Transformer +
Graph Neural Networks) offer high accuracy but suffer from slow
inference speeds and poor interpretability, making them difficult to
adapt to the real-time demands of primary clinical settings. Con-
versely, lightweight models often inadequately extract features,
leading to compromised diagnostic performance.??

Clinical validation and translational barriers: The diagnostic
results of Al models must align with the gold standard of path-
ological diagnosis. However, there is currently a lack of unified
validation protocols and evaluation standards for multimodal Al
pathological models. The “black box” nature of Al systems un-
dermines clinician trust, while data privacy and ethical concerns
hinder multi-institutional data sharing.3*

Furthermore, insufficient technical equipment and personnel
capabilities in primary healthcare institutions, coupled with imper-
fect AI model operation, maintenance, and update systems, also
limit the deployment of this technology in primary care settings.?®

Future development directions and prospects

To address existing bottlenecks, the development of multimodal
fusion Al pathological diagnosis models will focus on standardiza-
tion, lightweight design, interpretability, and clinical closed-loop
integration, while expanding toward multi-omics fusion and feder-
ated learning, thereby driving the technology from the laboratory
to large-scale clinical applications.

Construction of standardized multimodal datasets

Recent work has demonstrated the feasibility of constructing mul-
timodal cervical lesion datasets integrating colposcopic images,
dynamic acetic acid reactions, iodine staining images, diagnostic
reports, and pathological results. Future efforts should expand such
resources into standardized, multicenter databases with unified
protocols for data acquisition, annotation, and quality control.36

Development of lightweight and highly interpretable models

Research and development of lightweight Transformer architec-
tures and efficient CNN frameworks should be advanced. By in-
tegrating model compression and edge computing technologies,
Al systems compatible with mobile and portable devices can be
developed, lowering the barrier to application in primary care set-
tings. Research on XAl technology should be deepened to achieve
visualization and semantic interpretation of pathological features,
thereby improving the transparency, interpretability, and clinical
usability of Al models.?’
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Construction of a full-process screening closed-loop model

Data from the entire chain—including HPV testing, cytology, col-
poscopy, histopathology, and methylation testing—should be in-
tegrated to construct a full-process multimodal fusion Al model
encompassing  “screening—triage—diagnosis—treatment—follow-
up”.>38 This aims to achieve intelligent management throughout
the entire cervical cancer prevention and control cycle. Such mod-
els could support risk-stratified triage and management recom-
mendations based on screening results, while final clinical deci-
sions should remain guided by established clinical guidelines and
clinician judgment.®38

Promotion of deep multi-omics integration and large model
applications

By integrating genomic, transcriptomic, proteomic, and metabo-
lomic data, deep fusion of multi-omics data with imaging and clin-
ical data can be achieved.’*#" This facilitates the exploration of
associations between the molecular mechanisms of cervical cancer
development and progression and imaging features, enhancing
capabilities for precise lesion subtyping and prognosis predic-
tion.34% In combination with medical foundation models and gen-
eralist medical Al models, future systems may support the joint
interpretation of pathological images, molecular data, and clinical
text, potentially assisting in structured report generation and clini-
cal decision support.*1:42

Adoption of federated learning for cross-hospital collaborative
training

Based on federated learning technology, joint model training using
multimodal data from multiple hospitals can be conducted with-
out sharing raw data, addressing issues of data privacy and do-
main shift. A nationwide collaborative Al model updating system
should be established to enable real-time model iteration in pri-
mary healthcare institutions, enhancing the model’s generalization
capability and clinical adaptability.

Improvement of standardized regulatory and industrial transla-
tion systems

Validation protocols, evaluation standards, and ethical guidelines
for multimodal Al pathological diagnosis models should be formu-
lated, promoting the approval process for Class III medical device
registration of Al products. Future studies should evaluate whether
Al screening technologies could be incorporated into medical
insurance reimbursement schemes to reduce patient screening
costs.*** Training in Al technology for primary healthcare per-
sonnel should be strengthened, and operation, maintenance, and
technical support systems for AI models should be established to
accelerate large-scale application at the primary care level.?3

Conclusions

Multimodal fusion Al pathological diagnosis models integrate cy-
tological, histopathological, clinical, and molecular information
and may help address some limitations of traditional cervical can-
cer screening and single-modal Al approaches. Current evidence
suggests that these models have potential to improve lesion char-
acterization, screening efficiency, and risk stratification, but fur-
ther multicenter prospective validation is required before routine
clinical implementation. With continued technical refinement and
standardized evaluation, multimodal fusion Al may support more
precise and accessible cervical cancer screening.
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