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ABSTRACT	 Breast cancer is the most common malignant tumor among women globally and poses a major public health challenge due to 
limitations in traditional diagnostic and treatment processes, such as subjective interpretation biases and inefficient multi-
dimensional data integration. Artificial intelligence (AI), particularly deep learning and machine learning technologies, has emerged 
as a transformative tool in addressing these issues. Clinically, AI has been widely applied in imaging screening to improve detection 
rates and reduce reading time, digital pathology for precise tumor typing and gene mutation prediction, treatment decision-
support systems to enhance guideline compliance, and drug research and development to accelerate target identification and virtual 
screening. Despite these achievements, AI implementation faces challenges, such as data standardization issues, limited model 
generalization, low clinical accessibility, and unclear ethical-legal responsibilities, which require targeted solutions that include 
national data standards, multi-center training, hierarchical physician training, and explainable AI. Future directions involve multi-
modal data integration, human-AI collaborative multidisciplinary team models, and extension to full-cycle health management from 
prevention-to-rehabilitation. This review provides a systematic overview of the role of AI in breast cancer care, offering insights for 
clinical practice and scientific research innovation, and supporting the transition toward personalized and intelligent medicine in 
oncology.

KEYWORDS	 Artificial intelligence; breast cancer; application; challenge

Introduction
The 2025 global cancer statistics show that breast can-
cer is the most common malignant tumor among women 
with greater than 2.3 million new cases and approximately 
680,000 deaths each year1. Despite advances in diagno-
sis and treatment, breast cancer continues to pose a major 
public health challenge. Traditional diagnostic and treat-
ment processes still depend heavily on human judgment. 
Radiologists interpret breast imaging based on personal 
experience, while pathologists face variability in tissue typ-
ing due to subjective factors. Treatment decisions also require 
the integration of large amounts of multi-dimensional clin-
ical data. These complexities often result in inconsistent 

diagnostic accuracy and treatment outcomes across medical  
centers2.

Artificial intelligence (AI) offers a new way to address these 
issues. Advances in deep learning (DL) and machine learning 
(ML) have enabled AI to assist in nearly every stage of breast 
cancer management. By 2025, more than 50 AI-based breast 
cancer systems have received certification worldwide. These 
technologies now support imaging screening, pathologic 
interpretation, and clinical decision-making. Some AI systems 
have shown performance comparable to that of experienced 
clinicians in validation studies. This article comprehensively 
reviews AI advances in breast cancer management from three 
aspects, providing a basis for clinical practice and scientific 
research innovation: technical principles; clinical applications; 
and challenges and prospects.

Iteration of medical models and 
evolution of AI technologies
Continuous innovation in medical diagnosis and treatment 
models has gradually promoted the integration of AI into 
healthcare. This evolution allows the development of medicine 
to be divided into four distinct eras3.
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Empirical medicine era (before 2010)

Breast cancer diagnosis and treatment relied mainly on phys-
ical examination and basic imaging techniques, such as early 
mammography, during the empirical medicine era. Clinical 
judgment depends largely on personal experience and sub-
jective interpretation. The rate of misdiagnosis was high. The 
lack of technological infrastructure and data limited the pos-
sibility of applying AI. As a result, a systematic approach to 
diagnosis and treatment had not been created.

Traditional machine learning era (2010–2015)

Clinical practice began to rely on diagnosis and treatment 
guidelines developed from randomized controlled trials 
during the traditional machine learning era. However, data 
processing still required manual work and AI was only used 
for basic probability modeling. Early expert systems, such as 
INTERNIST-I, attempted to organize medical knowledge for 
breast cancer diagnosis and treatment. Because these systems 
depended on manually built knowledge bases and were prone 
to logical errors, the expert systems could not fully meet clin-
ical demands. Traditional regression models and Bayesian 
networks were gradually introduced for breast cancer risk pre-
diction. These methods improved data processing efficiency 
but remained limited by small sample sizes and narrow feature 
dimensions, resulting in modest predictive accuracy.

Deep learning era (2016–2020)

Molecular typing began to guide personalized treatment for 
breast cancer during the deep learning era. The rapid growth 
of gene detection data pushed AI into a fully data-driven 
stage. As datasets expanded and computing power increased, 
deep learning technologies, especially convolutional neural 

networks (CNNs), achieved major breakthroughs. CNN-based 
systems automatically detected micro-calcifications and 
masses on mammograms. In pathology, whole-slide imaging 
(WSI) technology enabled automatic segmentation of tumor 
regions, creating a foundation for more precise classification. 
However, AI models of this era still faced notable limitations. 
Uneven data distribution reduced the generalizability and 
algorithmic bias risked widening disparities in diagnosis and 
treatment, which limited clinical adoption.

Large model and generalization era  
(2020s–present)

There is now an urgent need to integrate multi-omics data, 
including imaging, pathology, genetics, and clinical informa-
tion. Emerging technologies, such as transformers and feder-
ated learning, have become increasingly mature and practical. 
Foundation models and large language models (LLMs) can 
process multi-modal data more effectively. For example, one 
model that combines multi-sequence breast magnetic reso-
nance imaging (MRI) data with clinical text achieved a con-
cordance index (C-index) of 0.82 in predicting the efficacy 
of neoadjuvant therapy, significantly outperforming sin-
gle-modal models. Federated learning enables local training 
and parameter sharing across multiple centers. This approach 
not only protects data privacy but also enhances model adapt-
ability across diverse patient populations4 (Figure 1).

Applications of AI in breast cancer 
diagnosis and treatment
The introduction of AI has transformed every stage of cancer 
management, from screening and diagnosis-to-treatment and 
prognosis evaluation. Using algorithms, such as DL and ML, 
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Figure 1  Timeline of core technological breakthroughs in AI-assisted breast cancer management from 2010 to 2025. Traditional ML (2010–
2015): RCT-based guidelines; manual data processing; basic probability modeling; and limited by small samples/narrow features, modest 
accuracy. Deep learning (2016–2020): CNN for mammogram detection; WSI for pathology segmentation; and constrained by uneven data 
and algorithmic bias. Large model and generalization (2020s–present): multi-omics integration; transformers/LLMs/federated learning; and 
privacy-preserving, diverse population-adaptable, WSI, whole-slide imaging; CNN, convolutional neural network.



Cancer Biol Med Vol 23, No 3 March 2026� 365

AI can analyze vast amounts of tumor data with speed and 
precision. These insights provide a stronger scientific basis for 
clinical decision-making in oncology and have greatly acceler-
ated progress in cancer medicine.

Imaging

Breast imaging is the most established field for AI applications. 
Breast imaging covers screening, lesion characterization, and 
staging assessment, all of which greatly enhance diagnostic 
accuracy and efficiency.

Mammography (breast X-ray) remains the preferred 
method for breast cancer screening, but identifying micro- 
calcifications continues to be difficult. Artificial neural networks  
are trained on tens of thousands of annotated mammograms 
and the accuracy improves through continuous optimization. 
Once trained, these models can analyze new images and gen-
erate predictions that assist radiologists in making diagnostic 
decisions. The PRAIM study reported that an AI-assisted dou-
ble-reading approach achieved a breast cancer detection rate 
of 6.7%–17.6% higher than standard double reading (5.7%, 
95% CI: 5.7%–30.8%) without increasing the recall rate5,6. 
Similarly, the ScreenTrustCAD study7 found that replacing 
one radiologist with AI in double reading improved detec-
tion by 4% and reduced reading time by 30%. These findings 
demonstrate that AI can meaningfully enhance mammogra-
phy screening performance and provide an effective strategy 
for strengthening screening capacity in primary hospitals.

MRI is the most sensitive imaging technique for detecting 
breast cancer. MRI has a key role in evaluating the efficacy of 
neoadjuvant therapy and identifying small lesions. However, 
interpreting multi-sequence MRI images is time-consuming 
and often subjective. AI can integrate multiple MRI parameters, 
such as T1-weighted, T2-weighted, and diffusion-weighted 
imaging (DWI), to improve diagnostic accuracy and reduce 
unnecessary biopsies. AI models have achieved an area under 
the curve (AUC) of 0.88 for predicting malignancy risk for 
patients classified as BI-RADS category 4, which allows up to 
30% of low-risk patients to safely avoid biopsy8. AI can also 
predict the response to neoadjuvant therapy and support more 
individualized treatment decisions when MRI data are incor-
porated into a multivariable logistic regression model, ulti-
mately improving patient prognosis9.

Pathology

A pathologic diagnosis serves as the gold standard for tumor 
diagnosis. The accuracy and efficiency of a pathologic diagno-
sis directly influence treatment planning and prognosis evalu-
ation. Traditional pathologic diagnosis relies on the subjective 
interpretation of stained sections and immunohistochemical 
results by pathologists, which is susceptible to factors, such 
as the pathologist’s experience, staining quality, and sample 

heterogeneity. As a result, diagnostic consistency may be lim-
ited, small lesions can be overlooked, and biomarker predic-
tion may be delayed. With the in-depth integration of digital 
pathology technology and AI, intelligent pathology systems 
now use deep learning algorithms to automatically segment 
tumor regions, perform quantitative molecular typing, and 
predict gene mutations. These capabilities address key limita-
tions of traditional pathology and provide powerful technical 
support for more precise and efficient diagnosis.

Digital pathology converts traditional tissue slides into 
high-resolution digital images using advanced scanning tech-
nology10. This process enables digital storage, sharing, and 
analysis of pathologic data. The rise of digital pathology has 
laid a solid foundation for applying AI in diagnostic pathology, 
allowing computers to automatically detect and analyze key 
image features. In recent years, research in intelligent pathol-
ogy has grown rapidly, showing remarkable value in solid tum-
ors such as breast cancer and non-small cell lung cancer. AI 
models can now automate essential diagnostic tasks, including 
tumor grading, typing, and target detection. In studying the 
tumor microenvironment, AI has overcome the limitations of 
traditional qualitative assessments. Using graph neural net-
works and spatial transcriptomic analysis, AI can quantify 
immune cell density, spatial distribution, and interactions with 
tumor cells. AI can even identify subtle, visually indistinguish-
able patterns, such as clustered immune infiltration of immune 
cells and the blurring of the tumor-immune boundary, offer-
ing objective metrics for evaluating tumor immune activity. 
Furthermore, AI can integrate multi-modal data sources to 
improve the accuracy and efficiency of prediction models11. 
By combining pathologic features from whole slide imaging 
(WSI) with genomic and clinical data, researchers have devel-
oped multi-dimensional prediction models that achieve an 
AUC of 0.74–0.86 for predicting the objective response rate 
(ORR) to immunotherapy in non-small cell lung cancer. This 
performance is notably superior to the single PD-L1 CPS 
score, which has an AUC of 0.65–0.8112.

The development of multi-modal pathologic AI models has 
greatly expanded the clinical value of pathology. These models 
enable a transition from traditional morphologic assessment 
to precise typing and prognosis prediction. Different models 
now perform specialized diagnostic and predictive tasks. The 
MUSK model13, a vision-language foundation model based on 
the transformer architecture, was trained on 50 million patho-
logic images and 1 billion medical texts. The MUSK model 
uses mask modeling to learn cross-modal representations and 
optimizes the alignment between visual and language features 
through 1 million image-text pairs. In pan-cancer prognosis 
prediction, by analyzing WSI features and clinical follow-up 
data, MUSK achieved a C-index of 0.747 for predicting 5-year 
overall survival across 16 cancer types, which is significantly 
higher than traditional clinicopathologic models (C-index = 
0.68). The model can also predict tumor-associated gene 
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mutations. The MUSK model reached an AUC of 0.768 for 
predicting PD-L1 expression status, offering a non-invasive 
tool for selecting immunotherapy regimens. The CHIEF 
model14 integrates microscopic imaging with multi-modal 
information to enhance feature representation, thereby 
improving the accuracy of quantitative pathologic analysis. 
The CHIEF model was pre-trained on 60,530 WSIs from 14 
research cohorts, covering cancer samples from 19 anatomic 
sites, including breast, endometrial, and esophageal cancers. 
The CHIEF model demonstrated excellent performance and 
was validated on 15 independent datasets, achieving a mac-
ro-average AUROC of 0.9397, which is approximately 10% 
higher than existing methods. The CHIEF model also accu-
rately predicted survival outcomes for patients with 7 cancer 
types, distinguishing long-term from short-term survivors 
with an average C-index of 0.74 that was approximately 12% 
higher than previous approaches.

Intelligent pathology is evolving from a diagnostic support 
tool with continuous technological advances into a key driver 
of precision treatment. By integrating multi-omics data, such as 
single-cell sequencing and spatial transcriptomics, intelligent 
pathology will enable deeper connections between pathologic 
morphology, molecular mechanisms, and treatment responses 
in coming years. This integration will usher tumor pathology 
into a new era of precision, intelligence, and individualized care.

Decision-making

Treatment decisions for breast cancer require the integration of 
multiple types of information, including clinicopathologic fea-
tures, imaging assessments, molecular typing, and genetic test-
ing results. Traditional decision-making models rely heavily on 
physician experience and interpretation of clinical guidelines, 
which is easily influenced by regional variations in medical 
practice and delays in knowledge updates, which reduces the 
standardization of treatment for advanced breast cancer.

With the in-depth integration of AI into oncology, intelli-
gent decision-support systems now enable personalized treat-
ment recommendations and dynamic risk assessments. These 
systems provide a powerful technical solution to address the 
limitations of traditional decision-making processes by com-
bining clinical guidelines with real-world data learning.

Watson for Oncology (WFO), the world’s first AI system for 
breast cancer treatment decision-making, was jointly devel-
oped by IBM and the Memorial Sloan-Kettering Cancer Center 
(MSKCC). The design and performance provide important 
insights into the potential of AI in oncology. WFO integrated 
the MSKCC clinical practice guidelines, 1.5 million pages of 
medical literature, and over 3 million historical cases during 4 
years of training to build the knowledge base. The WFO system 
covers the full spectrum of breast cancer management, includ-
ing neoadjuvant, adjuvant, and advanced salvage therapy. The 
WFO system treatment recommendations were 93% consistent 

with expert multidisciplinary teams (MDTs) during clinical 
validation15. However, there are significant limitations in the 
clinical application of the WFO system in China. The consist-
ency between WFO recommendations and physician decisions 
in China is only 56%16. Several factors contribute to this gap. 
First, the guideline adaptability is poor. The WFO system is 
trained primarily on national comprehensive cancer network 
(NCCN) guidelines, which differ in key areas from the national 
diagnosis and treatment standards in China. As a result, the 
system cannot adjust to local clinical practices. Second, there is 
a regional bias in the data. The training data are mainly derived 
from the European and American populations, which do not 
reflect the epidemiologic characteristics of Chinese patients, 
resulting in a consistency rate of only 48% for HER2-positive 
patients. Although, WFO is more helpful for the diagnosis 
and treatment decisions of HR-positive patients17. Third, the 
functionality of the WFO system is limited, mainly providing 
ranked treatment recommendations but lacking essential fea-
tures, such as adverse event monitoring and dynamic prognosis 
evaluation. These shortcomings restrict the ability to support 
the full continuum of clinical care.

The Chinese Society of Clinical Oncology (CSCO) AI, the 
first breast cancer treatment decision-support system inde-
pendently developed in China, was created by the CSCO in 
collaboration with several major hospitals nationwide. The 
training dataset of the system includes information from 
80,346 Chinese breast cancer patients across 17 provinces and 
cities, comprising 68% early breast cancer (EBC) and 32% 
metastatic breast cancer (MBC) cases. This dataset closely 
reflects the real epidemiologic characteristics of breast can-
cer in China18. The CSCO AI is built primarily on the CSCO 
Breast Cancer Diagnosis and Treatment Guidelines19, while 
also referencing the NCCN and european society for medical 
oncology (ESMO) guidelines to establish priority rules that 
align with local drug accessibility. In addition to the treatment 
recommendations, the CSCO AI includes modules for evi-
dence tracing and adverse reaction management. For exam-
ple, when recommending an aromatase inhibitor + CDK4/6 
inhibitor regimen, the CSCO AI automatically cites data from 
the NATALEE study20, showing a 5.1% absolute improvement 
in 5-year invasive disease-free survival (iDFS) among inter-
mediate-risk HR-positive patients. The CSCO AI also reminds 
clinicians to monitor left ventricular ejection fraction every 3 
months to reduce the risk of cardiotoxicity for patients receiv-
ing anthracycline chemotherapy.

The CSCO AI has undergone 4 phases of clinical research to 
verify safety and effectiveness. Phase I (2018, n = 200) focused 
on evaluating system integrity. The results showed that the 
availability of neoadjuvant, adjuvant, and first-line salvage 
treatment plans reached 100% with an overall guideline com-
pliance rate of 88.2%. Most errors were linked to missing data, 
such as the Ki-67 index, which caused deviations in adjuvant 
chemotherapy recommendations. Phase II (2018–2019, n 
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= 500) further improved compliance by adding 2 new mod-
ules: one module for recording previous chemotherapy or 
targeted therapy history; and on module for specifying the 
cause of drug resistance (primary vs. secondary)21. Phase III 
(2019–2020, n = 1,200) was a multi-center, blinded study. The 
CSCO AI achieved a decision compliance rate of 95.8%, which 
was significantly higher than the initial decisions of the physi-
cians (90.8%) and decisions made with guideline consultation 
(92.1%, P < 0.01; Figure 2). Stratified analysis revealed higher 
decision consistency for EBC (78.8%) than MBC (61.7%)22. 
The real-world data of Phase IV (2021–2025, n = 5,000+) 
provided real-world evidence. The CSCO AI had been imple-
mented in > 500 hospitals across 30 provinces and cities by 
2025. The average treatment decision-making time decreased 
from 30 min to 5 min. AI-generated alternative treatment 
plans helped identify and correct potential decision-making 
biases during MDT meetings in tertiary hospitals.

In addition to optimizing treatment selection, the CSCO 
AI can accurately predict recurrence risk and treatment-
related adverse reactions through multi-dimensional data 
modeling, further improving the safety and effectiveness of 
decision-making. AI builds predictive models based on the 
toxicity profiles of different therapies for early warning of 
adverse events. For example, the CSCO AI system integrates 
patient age, co-morbidities, and baseline left ventricular ejec-
tion fraction (LVEF) during anthracycline chemotherapy to 
assess the risk of cardiotoxicity. The CSCO AI can also predict 
the likelihood of chemotherapy-induced leukopenia and vom-
iting, enabling clinicians to implement preventive measures 
and early interventions.

Drug research and development

Drug screening is a critical step in new drug research and devel-
opment but faces major challenges under traditional methods. 

Large compound libraries, low screening efficiency, and poor 
clinical translation rates often lead to long development cycles 
and high costs. With the in-depth integration of AI technology 
and pharmaceutical engineering, technologies such as machine 
learning, deep learning, and generative AI are now being 
applied to key stages including target identification, virtual 
screening, and molecular design. These approaches have greatly  
improved both the efficiency and accuracy of drug discovery.

AI enables precise target identification in the target screen-
ing stage by integrating multi-omics data, which overcomes the 
limitations of traditional experimental screening. Wu et al.23 
used AI to analyze single-cell transcriptomic data from 44 
treatment-naïve triple-negative breast cancer (TNBC) patients 
to assess immunotherapy resistance. The analysis identified 
antigen-presenting mast cells (apMCs) as a novel therapeutic 
target capable of enhancing the efficacy of anti-PD-1 therapy. 
Validation in an independent cohort of 484 TNBC patients 
confirmed that TNBC patients with high apMC expression 
had a significantly higher objective response rate (ORR) to 
anti-PD-1 treatment (50.0% vs. 10.0%). This study demon-
strated that AI can rapidly identify promising therapeutic 
targets from large-scale biological datasets, shorten the valida-
tion cycle, and provide new directions for drug development 
in refractory cancers.

AI significantly reduces the number of compounds requir-
ing experimental testing in the virtual screening stage and 
lowers research and development costs by building molec-
ular docking models and activity prediction algorithms. 
Traditional virtual screening methods, such as structure-based 
drug design (SBDD), depend on manually constructed phar-
macophore models, which are time-consuming and subjective. 
In contrast, AI models can automatically learn the relation-
ships between molecular structures and biological activity 
by analyzing large datasets of compound-target interactions. 
The Genotype-Drug Diffusion (G2D-Diff) model that was 

98%

P < 0.001

96%

94%

92%

90%

88%

86%

84%

82%

80%

P = 0.004

90.80%
92.10%

95.80%

Physicians
Physicians with guidelines
CSCO AI
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developed by Kim et al.24 can generate targeted small-molecule 
compounds based on tumor genotypes. The G2D-Diff model 
demonstrated strong performance in virtual screening. The 
generated molecules achieved druggability scores (QED > 0.8 
and SAS < 4.5) comparable to the druggability scores in the 
ChEMBL database, while showing significantly lower in vivo 
toxicity than known active compounds (P < 0.01). Molecular 
docking validation further confirmed that the binding affini-
ties of the generated TNBC-S1/S2 compounds to PI3Kα and 
HDAC1 were comparable to binding affinities of approved 
clinical drugs, such as fimepinostat and dinaciclib.

The clinical transformation value of AI in drug screening 
has been verified through several practices. A study conducted 
by the Boston Consulting Group reported that AI can increase 
the overall success rate of drug development from 5%–10% 
to 9%–18%. The success rate of Phase I can reach 80%–90% 
and 40% in Phase II clinical trials, while the duration of trials 
are shortened by 50%–60%25. AI also improves clinical trial 
design. By integrating electronic medical records and drug 
response data through knowledge graph technology, AI ena-
bles precise patient stratification and reduces the number of 
ineligible or low-value enrollments.

Challenges and countermeasures in 
implementing AI
Although the value of AI in breast cancer diagnosis and treat-
ment has been increasingly confirmed in clinical practice, 
several major challenges remain. Current AI technologies still 
face issues, such as poor data standardization, limited model 
generalization, low clinical accessibility, and unclear defini-
tions of ethical and legal responsibility during clinical trans-
lation. Addressing these problems requires targeted strategies 
to guide the standardized and sustainable development of AI 
in oncology.

Data standardization and quality control

As the foundation of AI model training and application, 
the standardization and quality of data directly determine 
the accuracy and reliability of AI-driven decisions. Current 
data-related challenges mainly fall into three categories in 
breast cancer applications. First, data formats are inconsist-
ent. DICOM files produced by imaging equipment vary across 
hospitals in parameters, such as slice thickness, matrix size, 
window width, and window level, resulting in poor gener-
alization of AI models to generalize across devices. Second, 
key clinical information is often missing. Electronic medical 
record systems in many primary hospitals remain incomplete 
and 30%–40% of breast cancer cases lack full documentation 
of treatment history, making it impossible for AI to gener-
ate comprehensive treatment recommendations. Third, data 

privacy poses significant risks. Genetic, imaging, and patho-
logic data are highly sensitive forms of personal information. 
Legal and policy restrictions on cross-institutional data sharing 
make multi-center AI model training difficult to implement.

There are three countermeasures. First, national data stand-
ards should be established. Government-led initiatives, devel-
oped in collaboration with academic and clinical institutions, 
should create unified data standards for AI applications. These 
standards should harmonize imaging parameters, pathologic 
staining procedures, and key fields within electronic medi-
cal records to ensure interoperability and consistency across 
medical centers26. Second, dual quality control should be 
implemented. A combined system of AI-based automatic ver-
ification and manual review can enhance data reliability. For 
example, the CSCO AI database evaluates the completeness of 
each case, deducting 20 points for every missing key data item 
and rejecting cases scoring < 60. Routine data cleaning should 
also be performed to remove duplicates and correct logical 
inconsistencies, ensuring high data integrity. Third, privacy 
protection technologies should be adopted. Techniques, such 
as federated learning and differential privacy, can safeguard 
sensitive information. Data remain stored locally at each insti-
tution in this framework, while only model parameters are 
shared, avoiding direct transmission of original datasets. For 
highly sensitive data, such as genomic information, differen-
tial privacy methods can introduce controlled noise to protect 
individual identity while maintaining overall data utility for 
statistical analysis27.

Model generalization and clinical adaptability

The generalization and clinical adaptability of AI models 
directly determine the practical value across different med-
ical settings and patient populations. Current AI systems for 
breast cancer still face three major challenges. First, regional 
and population differences limit model adaptability. Most AI 
models are trained on data from tertiary hospitals, whereas 
patients in primary hospitals are typically older, have more 
co-morbidities, and present in more advanced disease stages. 
Consequently, model performance often declines signifi-
cantly in primary care settings. Second, guideline updates do 
not keep up with clinical needs. AI model updates generally 
occur every 6–12 months, while breast cancer diagnosis and 
treatment guidelines are revised 1–2 times per year. This mis-
match prevents AI systems from promptly incorporating the 
latest treatment recommendations. Third, AI models strug-
gle with complex cases. For rare subtypes or patients with 
multi-line drug resistance, the guideline compliance rate of 
AI-generated treatment plans is markedly lower than the 
guideline compliance rate of common subtypes. This limita-
tion arises because such cases are underrepresented in train-
ing datasets, preventing the model from fully learning their 
clinical characteristics.
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There are three countermeasures. First, data sources should 
be expanded. Multi-center, stratified model training should be 
conducted to improve the representation of key populations, 
including patients from primary hospitals, elderly individu-
als, and advanced cases. Transfer learning should be applied 
to adapt model parameters trained on tertiary hospital data 
to primary hospital data, enhancing model performance in 
real-world primary care settings. Second, real-time linkage 
should be established between guidelines and algorithms. 
Collaboration with guideline development organizations 
should occur to build a structured, machine-readable inter-
face. AI systems can automatically convert new recommen-
dations into executable logic rules via API integration when 
guidelines are updated, ensuring real-time synchronization 
between clinical standards and AI algorithms. Third, a com-
plex case database should be developed. Rare cases should be 
collected, such as inflammatory breast cancer and multi-line 
drug-resistant disease, and data augmentation should be used 
to expand sample size. Data from related cancers should be 
leveraged through multi-task learning to enhance model 
robustness and improve the accuracy of decision-making for 
complex or low-frequency cases28.

Clinical accessibility and user acceptance

The clinical accessibility of AI technology and the acceptance 
of physicians are crucial for large-scale adoption in breast can-
cer care. However, current applications still face two major bar-
riers. First, the technical threshold remains high. Physicians in 
primary hospitals often lack adequate training in AI operation 
and interpretation. As a result, physicians may find it difficult 
to understand the evidence cited by AI systems or interpret 
the quantitative outputs related to lesion features. Moreover, 
some AI platforms have complex user interfaces that require 
familiarity with specialized terminology, further increasing 
the operational difficulty for non-specialist clinicians. Second, 
physician trust in AI is limited. Many clinicians worry that AI 
systems may rigidly apply clinical guidelines while neglect-
ing patient-specific factors. In addition, the high hardware 
requirements of AI systems, such as the need for powerful 
computing servers, exceed the technical and financial capacity 
of many primary hospitals, further restricting accessibility29.

There are three countermeasures. A hierarchical training 
system should be established. Standardized training programs 
that combine AI operation skills with clinical interpretation 
for physicians in primary hospitals should be developed. The 
training should include online theoretical courses and offline 
practical sessions with system access granted only after passing 
assessments. In addition, an intelligent interpretation module 
should be developed to translate AI-cited research evidence 
into plain language and provide real-time explanations for 
specialized medical terms, improving usability and compre-
hension. A human–AI collaborative decision-making model 

should be built. AI should be clearly defined as an assistive tool 
within the clinical workflow. The AI system can generate three 
alternative treatment plans, each annotated with correspond-
ing benefits, risks, and levels of evidence. Physicians then tai-
lor the final plan based on the individual patient’s condition, 
while the system records the rationale for any adjustments. 
This creates the following closed feedback loop, which max-
imizes AI efficiency while preserving the clinician’s authority 
and autonomy: AI recommendation → physician decision → 
feedback optimization. Third, policy and infrastructure sup-
port should be enhanced. The use of cloud-based AI platforms 
led by tertiary hospitals should be promoted to reduce the 
adoption barrier. Primary hospitals can upload imaging and 
pathology data to the cloud platform via the internet, allow-
ing centralized AI analysis and feedback without the need for 
costly local hardware. This approach lowers implementation 
costs and strengthens technical collaboration and guidance 
between higher-level and primary medical institutions.

Ethical and legal responsibility definition

The ethical compliance and legal responsibility of AI technol-
ogies are essential to ensuring safe and trustworthy applica-
tion in clinical practice. Current ethical and legal challenges 
in breast cancer care mainly arise in three areas30,31. First, the 
division of responsibility remains unclear. Without definitive 
legal guidelines, especially under the regulatory framework in 
China, liability for patient harm caused by inappropriate AI 
recommendations is ambiguous (physician, hospital, or devel-
oper). Several related medical disputes have already emerged. 
Second, algorithm transparency is insufficient. The black box 
feature of DL models prevents physicians from fully under-
standing the rationale behind AI-generated recommenda-
tions. This lack of interpretability not only limits physicians’ 
ability to evaluate the appropriateness of AI decisions but also 
undermines patients’ informed consent. Third, fairness risks 
persist. Models trained on urban-dominated datasets may 
underperform for rural patients or those with rare subtypes, 
which are common gaps in Chinese clinical data.

There are three countermeasures. First, the liability of 
Chinese regulations should be clarified. Specific regulations 
that define the allocation of responsibility in AI-related med-
ical decisions should be developed. The AI developer should 
bear compensation liability if patient harm results from model 
defects. Conversely, the physician should assume primary 
responsibility if a physician adopts AI recommendations with-
out considering the patient’s actual condition. Medical insti-
tutions should be required to record in medical charts if AI 
recommendations were considered and document any modifi-
cations, providing a clear basis for liability assessment. Second, 
algorithm transparency should be enhanced. Explainable AI 
(XAI) methods, such as local Interpretable model-agnostic 
explanations (LIMEs) and SHAP value analysis, should be 
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applied to improve interpretability32. The AI system should 
display the key decision factors when presenting treatment 
options and provide a visualized decision path, allowing clini-
cians to trace and understand the logic behind AI judgments. 
The authorized AI devices should provide visualized decision 
paths, aligning with the transparent and traceable require-
ments in China. Third, fairness should be ensured by integrat-
ing data from diverse Chinese regions. Breast cancer patient 
data should be incorporated from diverse races, regions, age 
groups, and molecular subtypes into model training. Routine 
fairness assessments should be performed to detect and cor-
rect biases, ensuring equitable decision accuracy across all 
patient populations33.

The future development direction of 
AI
AI in breast cancer care is expected to overcome current lim-
itations and evolve from single-step assistance to comprehen-
sive, full-cycle intelligent management with ongoing advances 
in multi-omics technologies, human-AI collaboration models, 
and emerging algorithms.

Multi-modal data integration and multi-task 
learning

Traditional AI models for breast cancer primarily rely on 
single-modal data, making it difficult to fully capture tumor 
heterogeneity and individual patient differences. The deep 
integration of multi-omics data has therefore become a key 
direction for developing AI systems that support precise clin-
ical decision-making. Systematic integration of multi-modal 
information provides a new paradigm for accurate tumor 
classification and outcome prediction. The Anhui Provincial 
Hospital research team developed the Tumor Invasion Margin 
Evaluation System (TIMES) by combining spatial transcrip-
tomics, proteomics, and multiplex immunohistochemistry 
(IHC) data using AI technology34. The system focuses on 
molecular differences between the tumor invasion front and 
the central region. The ability of TIMES to predict 1-year post-
operative recurrence risk achieved an AUC of 0.822, signifi-
cantly outperforming traditional TNM staging (AUC = 0.685). 
Similarly, the Fudan University Shanghai Cancer Center 
team created the Clinical–Immune–Metabolic–Proteomic–
Transcriptomic–Genomic–Viral (CIMPTGV) multi-omics 
model for HR+/HER2− breast cancer. By integrating seven 
data types, including clinical, metabolomic, and genomic 
information35, the model accurately predicts 5-year invasive 
disease-free survival, with a C-index of 0.871, compared to 
0.763 for single-gene testing models. Notably, the CIMPTGV 
multi-omics model successfully identifies 74.2% of patients at 
potential risk of recurrence. Looking forward, AI will evolve 

toward panoramic decision-making systems that integrate 
imaging, pathology, genetic, and clinical data. These systems 
will enhance prediction accuracy, identify patient subgroups 
most likely to benefit from specific treatments, and reduce 
ineffective therapies through the collaborative analysis of mul-
ti-modal features.

In addition, multi-task learning (MTL) will further improve 
the efficiency and cost-effectiveness of AI models. MTL 
enables one model to perform multiple diagnostic and ther-
apeutic tasks simultaneously, unlike traditional single-task 
frameworks. For example, an MTL model using multi-phase 
dynamic contrast-enhanced magnetic resonance imaging 
(DCE-MRI) can predict histologic grade and Ki-67 status in 
breast cancer36. MTL improves model generalization, while 
reducing hardware resource consumption by sharing feature 
representations across tasks. This approach is particularly val-
uable for primary hospitals, where one AI system is allowed 
to support multiple diagnostic and treatment functions, low-
ering equipment investment costs and enhancing clinical 
accessibility.

Popularization of human-machine 
collaborative MDT model

The MDT model is the cornerstone of standardized diagnosis 
and treatment for breast cancer. However, widespread imple-
mentation remains limited by the shortage of MDT resources 
and the low consistency of expert opinions, particularly in 
primary hospitals. AI is expected to become a core auxiliary 
member of the MDT team, helping to optimize workflows 
and promote treatment standardization across institutions. 
Notably, based on the CSCO AI, we have established the 
CSCO breast cancer database. This database not only enables 
us to better grasp patients’ dynamic clinical conditions for 
more targeted MDT discussions but also serves as a valua-
ble resource for data analysis. Discrepancies in diagnosis and 
treatment practices can be identified across different regions 
or institutions through in-depth mining of this database, as 
well as tracking advances in clinical management, thereby pro-
viding data-driven evidence to further refine MDT protocols 
and clinical guidelines18.

AI can also support a closed-loop process that includes 
treatment plan recommendations, adverse reactions predic-
tion, and individualized plan adjustments. MDT members 
can tailor treatment strategies according to the patient’s clin-
ical condition, tolerance, and financial situation based on 
AI-generated recommendations and risk assessments. This 
approach not only ensures adherence to clinical standards 
but also allows flexibility for personalized care. The promo-
tion of remote MDT models offers a promising solution to 
the shortage of high-quality medical resources in primary 
hospitals. Primary hospitals can upload patient imaging, 
pathology, and genetic data to a cloud-based MDT platform 
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with the integration of AI and 5G technologies. AI systems 
perform preliminary analyses using both real-time patient 
data and aggregated insights from the database, then gener-
ate baseline treatment recommendations, which are reviewed 
and refined online by specialists from tertiary hospitals. These 
analyses establish a collaborative workflow encompassing 
local data collection, AI-assisted analysis, and expert remote 
consultation.

Medical data can now be processed efficiently with 
advances in cloud computing at the point of care before 
being uploaded to the central server, improving system 
responsiveness and decision accuracy. This approach not 
only offers logistic, economic, and environmental benefits 
by reducing data loss, lowering maintenance costs, and min-
imizing bandwidth dependence but also integrates hospital 
data at the local, regional, and national levels. The result 
is a comprehensive digital medical ecosystem that enables 
more precise treatment optimization, real-time monitoring 
of patient outcomes, and continuous feedback for clinical 
decision-making. Ultimately, this model extends high-qual-
ity medical services to remote regions, enhancing healthcare 
equity and patient benefit37.

Extension from treatment to full-cycle health 
management

The current application of AI in breast cancer primar-
ily focuses on diagnosis and treatment. In the future, AI is 
expected to expand across the entire continuum of care, from 
prevention and screening to diagnosis, treatment, and reha-
bilitation, forming an integrated, intelligent health manage-
ment system38. AI can integrate genetic background, lifestyle 
factors, and imaging data in primary prevention to build 
individualized risk prediction models. These models enable 
personalized prevention strategies for high-risk populations, 
improving screening efficiency, while avoiding unnecessary 
medical interventions. AI can continuously monitor patient 
recovery indicators through wearable devices during postop-
erative rehabilitation and combine these data with clinical fol-
low-up information to generate tailored rehabilitation plans. 
The ability to conduct self-monitoring via wearables, such 
as smart bras, unlocks novel opportunities for early disease 
detection and holistic management. The integration of these 
technologies into current healthcare frameworks presents 
a dual landscape of prospects and obstacles. Smartphone-
enabled systems can capitalize on pre-existing infrastructure, 
while AI-driven interpretation modules offer the advantage 
of streamlining diagnostic workflows and boosting effi-
ciency.39 The system can automatically produce progress 
reports, allowing physicians to adjust treatment strategies in 
real time. This process establishes a closed-loop model of pre-
cise rehabilitation, dynamic monitoring, and outcome evalua-
tion. Traditional methods, such as periodic imaging or tumor 

marker testing, often fail to detect early signs of recurrence 
in long-term follow-up. AI addresses this limitation by con-
structing recurrence risk prediction models based on longitu-
dinal patient data. These systems can send automated alerts 
through mobile applications or text messages, enhancing 
patient adherence to follow-up and enabling earlier clinical 
intervention.

Conclusions
The application of AI in breast cancer has entered a pivotal 
phase, transitioning from technical exploration to clinical 
implementation. The clinical value of AI has been demon-
strated across multiple domains, including intelligent 
imaging diagnosis, digital pathology, treatment decision 
optimization, and prognosis prediction. AI is expected to 
extend across the entire continuum of breast cancer care with 
the in-depth use of technological innovation and growing 
clinical validation and cover the full cycle of breast cancer 
prevention, screening, diagnosis, treatment, and rehabilita-
tion. AI will serve as a driving force in transforming breast 
cancer management in the long term, from standardized care 
to truly personalized and intelligent medicine. AI will have 
a key role in advancing national health goals and support-
ing the realization of the “Healthy China 2030” strategy by 
reducing disease incidence, improving survival outcomes, 
and enhancing quality of life.
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