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Abstract
Breast cancer constitutes one of the major global diseases. Patient survival rates
are substantially reduced when cancer cells spread to adjacent and non-adjacent
tissues and organs, causing distant metastasis. Therefore, early diagnosis and
prediction of malignant potential are critically important for treatment plan-
ning and prognosis in breast cancer patients. Amidst rapid artificial intelligence
development, the maturation of pathomics technology has made significant con-
tributions to precision medicine advancement. This article systematically and
comprehensively reviews progress in pathomics across three domains: diagno-
sis of breast cancer metastasis, predictive modeling, and tumor heterogeneity
research, by synthesizing relevant literature. Artificial intelligence algorithms
can automatically identify key structures such as tumor cells, stromal compo-
nents, and immune cells in pathological sections, markedly improving the effi-
ciency and accuracy of pathomics feature extraction. Concurrently, multimodal
artificial intelligence models integrating diverse information including clinical
data and genomic data have further enhanced pathomics performance in breast
cancer metastasis diagnosis and prediction, making important contributions to
precision medicine. However, due to technical constraints and limitations such
as data sharing restrictions from patient privacy protection, this field requires
further exploration. This article aims to provide more instructive reference
foundations for precision therapy of breast cancer patients and to promote deep
application of artificial intelligence and pathomics technology in breast cancer
metastasis research and clinical practice.
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Abstract

Breast cancer remains one of the most prevalent and life-threatening malignan-
cies worldwide. The prognosis of patients markedly worsens once cancer cells
metastasize to regional or distant sites. Thus, early detection and accurate
assessment of metastatic potential are critical for optimizing treatment strate-
gies and improving clinical outcomes. With the rapid evolution of artificial
intelligence (AI), digital pathology has emerged as a powerful tool, significantly
advancing the field of precision oncology. This review provides a comprehen-
sive overview of recent advancements in the application of digital pathology
in breast cancer metastasis, focusing on three major domains: diagnostic accu-
racy, predictive modeling, and tumor heterogeneity analysis. AI-driven algo-
rithms enable automated and high-throughput recognition of key histopatho-
logical components—such as tumor cells, stromal architecture, and immune in-
filtrates—substantially enhancing the efficiency and reproducibility of feature
extraction. Furthermore, the integration of pathological imaging with multi-
modal data sources, including clinical parameters and genomic profiles, through
advanced AI models has demonstrated improved performance in metastatic risk
stratification and outcome prediction. Despite these promising developments,
challenges such as technical constraints and limitations in data sharing due to
patient privacy concerns continue to hinder broader clinical translation. This
review aims to provide a valuable reference for the development of personalized
therapeutic approaches and to promote the integration of AI-assisted digital
pathology in the management of metastatic breast cancer.
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According to 2022 global cancer statistics, breast cancer (BC) accounted for
2.309 million new cases and over 665,000 deaths. The molecular heterogeneity
of metastatic lesions not only increases the complexity of treatment selection
but also drives up healthcare costs significantly, necessitating the development
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of more precise assessment systems. Histopathology (HP) examination serves as
the gold standard for metastasis diagnosis, relying on hematoxylin-eosin (HE)
staining morphology and immunohistochemical marker analysis. However, tech-
nical bottlenecks such as long detection cycles, high costs, and dynamic loss of tu-
mor markers constrain the precision of metastatic lesion tracing and therapeutic
efficacy evaluation. Innovations in digital pathology have created breakthrough
opportunities for this field. Whole slide imaging (WSI) technology preserves
complete histomorphological details, ushering pathology diagnosis into a new
era of quantitative analysis.

Against this backdrop, the integration of pathomics and artificial intelligence
(AI) has substantially advanced precision medicine. This technology employs
high-throughput feature extraction algorithms to capture quantitative indica-
tors such as morphological topology, cellular spatial distribution, and microen-
vironmental heterogeneity from multimodal pathological images including HE
staining and immunohistochemistry. When combined with AI to parse tumor
evolution patterns, it provides a new paradigm for elucidating metastasis mech-
anisms and enabling personalized therapy. This review systematically examines
the latest advances in pathomics technology for BC metastasis research, follow-
ing the logical framework of traditional pathological assessment → pathomics
feature system construction → multi-omics applications, with a focus on AI
application strategies in diagnosis, prediction, and tumor heterogeneity studies,
aiming to provide theoretical foundations for optimizing BC precision diagnosis
and treatment pathways.

1 Literature Search Strategy
We conducted computerized searches of PubMed, CNKI, and Web of Science
from database inception to May 2025. Search terms included: “breast can-
cer,”“digital pathology,”“computational pathology,”“histology,”“histopathol-
ogy,”“whole slide image,”“metastasis,”“pathomics,”as well as corresponding
Chinese terms. Inclusion criteria comprised literature related to pathomics and
BC metastasis diagnosis, prediction, and metastatic lesion heterogeneity. Ex-
clusion criteria included irrelevant topics and unavailable full texts.

2 AI Application Strategies in BC Metastasis Pathomics
Research
AI, a branch of computer science, encompasses robotics, speech recognition,
image recognition, natural language processing, and expert systems. Machine
learning constitutes a crucial component of AI, with primary methods includ-
ing supervised learning, unsupervised learning, semi-supervised learning, and
reinforcement learning. Currently, supervised learning is widely applied in BC
metastasis research. Supervised learning data contains target labels, enabling
direct feature extraction from pathological images to train optimal models for
predicting unknown data. However, this approach requires human expert an-

chinarxiv.org/items/chinaxiv-202511.00073 Machine Translation

https://chinarxiv.org/items/chinaxiv-202511.00073


notation of each pathological image, incurring substantial labor costs. Semi-
supervised and unsupervised learning methods can effectively address this lim-
itation. In unsupervised learning algorithms, input data lacks corresponding
labels; the method discovers latent structures or features through clustering of
unlabeled raw data, optimizing models based on similarity calculations between
training samples. Unsupervised learning can also uncover novel metastasis fea-
tures for tumor heterogeneity quantification and subtype discovery. For sce-
narios with scarce annotated data, semi-supervised learning combines limited
labeled data with large amounts of unlabeled data for training, significantly
reducing labor costs while improving model generalization capability.

In the process of building BC metastasis prediction models using machine learn-
ing, the pathomics feature system primarily involves the following steps: extrac-
tion of regions of interest (ROI) from whole slide images, acquisition of cellular
and tissue structures through preprocessing and segmentation, extraction of
multidimensional features including morphological, textural, spatial distribu-
tion, and deep learning features, followed by feature selection and dimensional-
ity reduction to ultimately construct a unified feature matrix for model training
and clinical tasks. This system integrates image analysis with AI to achieve pre-
cise quantification of pathological images and support clinical decision-making.
The first step in pathomics research is extracting metastasis-related features
from BC tissue slice images. Compared with traditional techniques that rely on
handcrafted features (i.e., human selection and design of diagnostically useful
features), deep learning can automatically learn and extract useful features from
large amounts of high-quality data, making it more accurate and efficient for
representation learning and predictive model construction.

3 Application of Pathomics in BC Metastasis Diagnosis
Lymph node metastasis and distant metastasis in BC are key factors leading to
poor prognosis and increased mortality, representing the most important predic-
tors of overall recurrence and survival. In recent years, with the development of
AI algorithms and increased attention to BC, pathomics has been increasingly
applied to BC metastasis diagnosis model research. For convenient comparison
of model fundamentals, we summarize each model’s publication year, model-
ing methodology, primary problem addressed, and advantages/disadvantages in
Table 1 .

3.1 Classification of Metastases with Unknown Primary Origin

In BC metastasis diagnosis, HP assessment has long relied on HE staining mor-
phology and immunohistochemical marker analysis, yet faces multiple clinical
challenges. First, the detection process incurs high economic and time costs
(average turnaround time ≥ 7 working days). Second, dynamic loss of tu-
mor markers due to heterogeneity (e.g., post-treatment downregulation of estro-
gen/progesterone receptor expression) may complicate metastatic lesion tracing.
Global epidemiological studies show that approximately 2%-5% of metastatic
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malignancies have unclear primary sites, with these patients experiencing signif-
icantly worse outcomes due to inability to match organ-specific therapies.

Addressing these complex challenges in diagnosing BC metastasis origin, AI
technology demonstrates significant potential through multimodal data fusion
and deep learning models. CHEN et al. developed a handcrafted-deep learning
hybrid model combining manual features (nuclear morphology, texture quantifi-
cation) with a DenseNet classifier, achieving superior classification performance
in identifying primary origins of liver metastases from colon, esophageal, BC,
and pancreatic cancers. The highest area under the curve (AUC) reached 0.94
for colorectal metastasis classification, with heatmaps localizing morphological
similarities between primary and metastatic regions, providing an interpretable
pathway for tumor heterogeneity research. At the whole-slide analysis level, LU
et al. developed the Tumor Origin Assessment (TOAD) model, training on over
30,000 HE slides to achieve 95.5% Top-3 accuracy in predicting known primary
cases in the training set, validating the universality of deep learning in metasta-
sis tracing. For BC pleural metastasis (incidence 15%-30%) cytology diagnosis
challenges, PARK et al. constructed an AI model based on 596 cytology WSIs,
achieving 81.13% accuracy in plaque classification tasks, surpassing the average
pathologist performance (72.49%) and providing a new approach to improve
malignant pleural effusion diagnosis sensitivity (traditional methods only 58%),
though external validation is needed. TIAN et al. built the TORCH (Tumor Ori-
gin differentiation using cytology and Histology) model based on 57,220 pleural
effusion and ascites cytology images, achieving systematic localization of cancers
of unknown primary (CUP) with 82.6% first-choice accuracy. The model’s diag-
nostic efficacy (AUC=0.969) significantly exceeded pathologists (AUC=0.813),
and model-assisted therapy extended median patient survival by 10 months,
establishing a new paradigm for CUP diagnosis and treatment. These studies
demonstrate that AI, by integrating quantitative pathological features with clin-
ical data, is gradually overcoming temporal, spatial, and precision limitations
of traditional diagnosis, driving BC metastasis management toward precision
medicine.

4 Application of Pathomics in Predicting BC Recurrence
and Metastasis
BC recurrence refers to the reappearance of BC after initial treatment and
remission. Recurrence can be categorized as local or metastatic: local recurrence
indicates spread to nearby breast tissue and lymph nodes, while metastatic
recurrence refers to tumor cells migrating to distant organs such as bone, lung,
liver, or brain. In recent years, increasing research has focused on constructing
BC recurrence and metastasis prognostic models. We summarize these studies
in Table 2 .
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4.1 Predicting Lymph Node Metastasis

Lymph node metastasis is not merely a local dissemination event but a“sentinel
signal”of systemic metastasis. Clinical data show that lymph node-positive
patients have a 3.2-fold higher distant metastasis risk within 5 years compared
to negative groups (HR=3.2, 95%CI=2.8-3.7), with pathomics features of
metastatic lesions (e.g., mitotic index >10/high-power field, necrotic area
proportion >30%) enabling further prognostic stratification.

XU et al. utilized WSIs from 1,058 patients to develop the first supervised learn-
ing model for predicting SLN metastasis from primary tumor WSIs, achiev-
ing good accuracy (0.831). YU et al. proposed a Prototypical Multiple In-
stance Learning (PMIL) framework that parsed WSIs through weak supervision,
achieving an AUC of 0.984 for predicting BC lymph node metastasis with 92%
sensitivity for micrometastases (<0.2mm), tripling the efficiency of traditional
manual annotation. This technology effectively alleviates the shortage of se-
nior pathologists by focusing on “suspected metastasis hotspots”(e.g., nuclear
atypia aggregation areas). PARK et al. employed an innovative multimodal
unsupervised learning method to preoperatively predict axillary lymph node
metastasis by identifying pathological imaging patterns associated with metas-
tasis status, such as micropapillary growth, infiltration patterns, and necrosis,
achieving external validation across 5 cohorts with a maximum AUC of 0.801
(95%CI=0.728-0.873).

4.2 Predicting Distant Metastasis

BC metastatic recurrence is a multi-step dynamic process involving enhanced
tumor cell invasion and migration (e.g., epithelial-mesenchymal transition),
immune microenvironment remodeling (e.g., T cell exhaustion), and selective
barrier breakthrough (e.g., blood-brain barrier penetration). This complexity
drives rapid development of multimodal prediction models. YAO et al. inte-
grated pathological image features, clinical staging, and gene mutation profiles
(e.g., TP53, PIK3CA) from 198 TCGA patients through weak supervision
to construct a deep feature fusion model, achieving an AUC of 0.82 for
metastasis risk prediction. YANG et al. extracted HE image texture features
(e.g., nuclear-cytoplasmic ratio variation) using CNN and combined them
with lymph node metastasis status to build a prognostic model with 67%
sensitivity, 83% specificity, and AUC of 0.72, effectively achieving recurrence
risk stratification. However, this study only included 127 single-center patients,
limiting sample size and requiring cross-center generalization validation. LIU et
al. developed a multiscale risk assessment framework by fusing low-level color
features (RGB mean/skewness) with wavelet multi-subband texture matrices
(WMCM), demonstrating stable performance with AUCs of 0.75 and 0.72 in
internal and external validation sets, respectively.

These results demonstrate that multi-omics integration can enhance model
biological interpretability but requires overcoming technical limitations of small
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samples and single modalities. Studies have shown that tumor-infiltrating
lymph node reactions correlate positively with BC prognosis. VERGHESE et
al. constructed a supervised deep learning model to automatically quantify
germinal center numbers and lymph sinus area on digital WSIs, further pre-
dicting metastasis-free survival. Traditional pathomics relies on high-resolution
WSIs and professional scanning equipment, which is costly and has limited
feature interpretability. BASAAD et al. innovatively introduced a Bidirectional
Encoder Representations from Transformers (BERT) model and Graph Neural
Network (GNN) to directly parse HP report text (e.g., “invasive ductal carci-
noma with vascular invasion”) and constructed the BERT-GNN Method for
Breast Cancer (BG-MBC) model to predict distant metastasis risk, achieving
an AUC of 0.98. This technology improves prediction accuracy by capturing
semantically critical information and complex relationships between different
medical features, highlighting the advantages of large language models (LLMs).

5 Tumor Heterogeneity Quantification and Subtype Dis-
covery
The complexity of BC metastasis stems from its high heterogeneity. AI sys-
tematically parses intra-tumoral molecular and morphological diversity by in-
tegrating multi-omics data with pathomics features, driving precise subtype
classification. Genomic studies have revealed five classic molecular subtypes
of BC (luminal A, luminal B, HER2-enriched, basal-like, and normal-like) and
their molecular mechanisms, while also discovering frequent polyclonal coexis-
tence within the same tumor. Notably, molecular subtypes may dynamically
evolve between primary and metastatic lesions: basal-like gene signatures in
primary lesions have higher predictive value for post-metastasis overall survival,
while proliferation-related gene expression in metastases better reflects patient
prognosis.

Recent advances in AI-based pathological image analysis provide new tools for
quantitative assessment of tumor spatial heterogeneity. YU et al. automatically
segmented digital slides, extracted 256$×$256 pixel image patches from fore-
ground at user-specified magnifications, and integrated lncRNA expression pro-
files, immune cell infiltration scores, and clinical information to construct four
immune-metabolic subtypes: immune-active (fatty acid metabolism activation),
immune-excluded (amino acid metabolism enrichment), immune-dysfunctional
(glucose metabolism enrichment), and immune-desert (folate metabolism en-
richment). The deep learning model built on HE slides achieved an AUC of
0.92 for predicting these subtypes, providing a potential stratification tool for
immunotherapy. AI models can automatically quantify a range of spatial struc-
tural features from HE images, including tumor cell nuclear density distribu-
tion, atypia scores, stroma-tumor interface clarity, tumor-infiltrating lympho-
cyte (TIL) spatial density, glandular arrangement morphology, and necrotic
area distribution patterns. These image features can be used not only for sub-
type discrimination but also for revealing potential prognostic markers. ZHANG
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et al. found that samples with higher tumor cell proportions in WSIs were closely
associated with increased BC recurrence risk. Further analysis revealed that
high-risk groups showed significantly reduced intercellular spacing, indicating
higher tumor cell aggregation. This enhanced spatial aggregation correlates
significantly with increased tumor invasiveness and higher recurrence rates.

Since single-time-point biopsies cannot comprehensively capture clonal evolu-
tion, AI models fail to reflect tumor dynamic spatial heterogeneity. Moreover,
cross-platform image feature extraction shows substantial deviation and lacks
unified standards, with insufficient clinical validation. Therefore, future research
should focus on constructing cross-center, ten-thousand-case-level multimodal
BC atlas databases, integrating spatial transcriptomics technology, and develop-
ing dynamic AI models with temporal dimensions to achieve the leap from static
image representation to spatiotemporal heterogeneity modeling, advancing BC
management from precision diagnosis to personalized intervention.

6 Summary and Outlook
Currently, existing machine learning models demonstrate favorable performance
in BC metastasis diagnosis and malignant potential prediction, offering advan-
tages such as high diagnostic efficiency, significant reduction in pathologist
workload, and narrowing the diagnostic capability gap between experts and
non-experts. However, several limitations persist in this field: (1) Study de-
sign limitations: Most current models are built on single-center, small-sample
retrospective data, generally lacking external validation and raising questions
about their clinical generalizability. (2) Unresolved key scientific questions: At
the pathological slice analysis level, critical issues such as BC-specific organ
metastasis prediction and the impact of molecular subtype differences between
metastatic and primary lesions on treatment response remain insufficiently ad-
dressed. (3) Data quality constraints on model development: Classic supervised
deep learning models rely on high-quality annotated data, yet high-quality la-
bels are scarce in reality. Although studies have attempted to introduce meth-
ods like label-cleaning MIL to optimize coarse-grained annotations and apply
unsupervised augmentation techniques to improve image signal-to-noise ratios,
standardized and generalizable technical systems have yet to be established.
(4) Insufficient model interpretability: Most current AI models remain “black
boxes,”making it difficult to establish explicit associations between imaging
features and tumor biological mechanisms, limiting their credible application in
clinical decision support systems. (5) The gap from“usable”to“practical”awaits
clinical translation loop construction: Although laboratory models based on AI,
omics analysis, and multimodal fusion have achieved remarkable results in re-
cent years, their practical clinical application still faces numerous challenges.
Systematic planning is needed from three aspects: multi-center retrospective
validation, prospective observational studies, and interventional clinical trials,
while promoting seamless integration of AI models into actual clinical workflows.

Current prediction models have achieved good predictive performance, but
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the key obstacle to clinical translation is the high requirements for soft-
ware/hardware resources and personnel configuration. To facilitate widespread
adoption, models should have lightweight deployment capabilities, supporting
operation on conventional hospital servers or edge computing devices. Future
research should focus on the following algorithmic innovations and system
constructions: First, addressing current bottlenecks of small samples and
weak annotations, we should strengthen development of few-shot learning,
semi-supervised/self-supervised learning, multiple instance learning, and trans-
fer learning methods to enhance model generalization and robustness under
limited data conditions. Second, in multimodal data fusion, we need to explore
more efficient mechanisms for multi-source heterogeneous data integration,
such as Transformer-based multimodal feature extraction and cross-modal rep-
resentation alignment techniques, to enhance synergistic reasoning capabilities
in the “pathology-clinical data-omics information”multidimensional space.
Additionally, improving model interpretability will be key to achieving clinical
acceptability and trust. Future efforts should enhance research on biological
mechanism-based feature visualization, causal inference, and model uncertainty
assessment to increase transparency and traceability of results.

In summary, to achieve a closed-loop path from laboratory research to clin-
ical translation, we must construct a multi-center, large-sample, multimodal
collaborative data foundation, develop AI models with broad adaptability and
good interpretability, and promote intelligent closed-loop management of BC
from precision diagnosis to personalized treatment through a“clinical-pathology-
omics”three-dimensional explanatory framework.
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