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 A B S T R A C T

Background and Objective: Developing multimodal data-driven diagnostic systems has become a key clinical 
strategy for improving breast cancer outcomes. However, effectively modeling multimodal features remains 
challenging due to substantial semantic heterogeneity, scale discrepancies, and the inherent difficulty of cross-
modal alignment. Although existing studies have proposed various multimodal fusion methods, most rely on 
direct feature concatenation or shallow integration, which fail to capture fine-grained intra-modality semantics 
as well as the complex interactions between histopathological and genomic modalities.
Methods: In this study, we propose a multimodal diagnostic framework based on Feature Enhancement and 
Semantic Collaborative Alignment (FESCA). The method incorporates a semantic-guided modality feature en-
hancement mechanism that effectively extracts and strengthens diagnostic cues from both pathological images 
and genomic data. In addition, a contrastive-learning-based cross-modal alignment strategy is introduced to 
map heterogeneous modalities into a unified semantic space and achieve deep semantic collaboration through 
contrastive optimization. To ensure robust breast cancer classification under varying modality availability, a 
multimodal collaborative diagnostic strategy is employed to dynamically adapt the feature representations.
Results: We evaluate FESCA on the TCGA-BRCA dataset, and the experimental results demonstrate that 
it outperforms state-of-the-art methods in breast cancer classification while significantly improving both 
intra-modality representation quality and cross-modal semantic alignment.
Conclusion: To enhance accessibility and practical application, we developed a web-based breast cancer 
pathological staging diagnosis system to visualize and deploy the FESCA model, demonstrating a step toward 
clinical application and providing a benchmark for other research methods.
1. Introduction

Breast cancer (BC) has become the leading cause of death among 
women worldwide, and its global incidence continues to rise [1,2]. 
Therefore, it is crucial to develop a highly accurate and efficient 
diagnostic model to improve diagnostic efficiency and patient survival 
rates. With the continuous advancements in experimental techniques 
and sequencing technology, deep learning is widely used in the field of 
breast cancer disease diagnosis [3–5]. However, most previous studies 
have relied on single-modality data, which lack the richness and diver-
sity necessary to comprehensively represent complex diseases, thereby 
limiting both the diagnostic performance and generalization ability 
of the resulting models [6]. Recently, multi-modal medical diagnostic 
models that combine histological and omics data have demonstrated 
significant promise [7–9].

∗ Corresponding author.
E-mail addresses: huinawang@emails.bjut.edu.cn (H. Wang), lan.wei@ucd.ie (L. Wei), lijianqiang@bjut.edu.cn (J. Li), b.liu@massey.ac.nz (B. Liu), 

fangjuan@bjut.edu.cn (J. Fang), catherine.mooney@ucd.ie (C. Mooney).

With the rapid development of digital pathology and high-
throughput sequencing technologies, integrating histopathological
imaging and genomics has become an important direction in mul-
timodal medical analysis [7–10]. Unlike conventional radiogenomic 
studies, this line of research focuses on whole-slide images (WSIs) as 
the primary imaging modality. By jointly modeling histological patterns 
and genomic features, these approaches enable cross-scale analyses that 
link tissue morphology to underlying molecular mechanisms. Recent 
multimodal diagnostic models combining imaging and genomic data 
have demonstrated strong potential in cancer subtyping, prognosis 
prediction, and molecular feature inference [7–9]. Such cross-modal 
modeling improves diagnostic robustness and supports biologically 
interpretable precision medicine. A key prerequisite for effective mul-
timodal integration is the construction of stable and discriminative 
representations for both WSIs and genomic data. For WSIs, multiple 
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instance learning (MIL) has become the dominant paradigm [11–
13], typically involving patch extraction, patch-level feature encoding, 
and slide-level aggregation. For genomic data, representation learning 
methods such as autoencoders [14], neural network-based models [15], 
and Transformer-based encoders [16] have been widely adopted. These 
advances have laid the foundation for joint analysis of imaging and 
genomic features. Nevertheless, WSI and genomic data exhibit sub-
stantial differences in dimensionality, data distribution, and semantic 
structure, which makes it difficult to construct a unified diagnostic 
representation. Although various approaches have been proposed to 
address these challenges, most existing methods primarily emphasize 
architectural fusion or feature aggregation, with limited consideration 
of explicitly modeling diagnostically meaningful semantic priors within 
each modality and enforcing semantic consistency across modalities. 
As a result, fine-grained diagnostic cues and task-relevant semantic 
relationships are often underutilized in current multimodal diagnostic 
frameworks.

To address this gap, we propose a Multimodal Diagnostic Model 
Based on Feature Enhancement and Semantic Collaborative Alignment 
(FESCA), which explicitly injects diagnostically relevant semantic pri-
ors into intra-modality representation learning and enforces semantic 
collaboration across modalities at the representation level. Specifi-
cally, a semantic-guided feature enhancement mechanism is intro-
duced, which incorporates semantic prior information such as an-
notated lesion regions and differentially expressed genes to enable 
efficient extraction and discriminative enhancement of fine-grained fea-
tures within each modality. On this basis, a contrastive-learning-based 
semantic alignment strategy is developed to achieve deep semantic col-
laboration between histopathological images and genomic data through 
modality-specific feature mapping and contrastive optimization. This 
approach significantly enhances the semantic modeling capability and 
diagnostic performance of the multimodal diagnostic framework. Un-
like prior multimodal diagnostic models that focus primarily on fusion 
architecture design, FESCA is built upon a semantic-driven modeling 
perspective that jointly enhances intra-modality representations and 
cross-modality semantic alignment. The main contributions of this 
research are as follows:

• We propose a multimodal diagnostic model (FESCA) that enables 
collaborative modeling between histopathological imaging and 
genomic data.

• A semantic-guided feature enhancement mechanism leverages 
prior knowledge, including lesion annotations and differentially 
expressed genes, to enhance critical modality-specific representa-
tions.

• A contrastive-learning-based cross-modal semantic alignment
method leverages modality-specific feature mapping and con-
trastive optimization to achieve semantic collaboration between 
histopathological and genomic modalities.

• Based on the proposed FESCA model, an intelligent breast cancer 
diagnostic system is developed to validate the feasibility and 
potential of the proposed approach for clinical decision support 
and computer-aided diagnosis.

2. Related works

WSIs are ultra-high-resolution histopathological scans that provide 
detailed cellular and tissue-level information, but their gigapixel-scale 
size and high heterogeneity pose significant challenges for efficient 
computation and discriminative feature extraction. To address these 
issues, multiple instance learning (MIL) has become the dominant 
framework for WSI representation learning [11,12,17,18]. Existing 
MIL-based approaches can be broadly categorized into attention-based 
methods, which highlight cancer-relevant regions via adaptive weight-
ing [19–21]; transformer-based methods, which model global contex-
tual dependencies among patches [13,22]; and graph-based methods, 
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which capture spatial and semantic tissue relationships through graph 
representations [23,24]. Although these approaches have achieved 
strong performance in cancer classification and prognosis tasks, image-
only models remain constrained by weak supervision and the absence 
of molecular-level information, limiting their ability to fully capture 
tumor biological heterogeneity.

In parallel, RNA sequencing data provide complementary molecular 
insights into gene regulation and tumor heterogeneity, but present 
their own challenges due to high dimensionality, feature sparsity, and 
complex nonlinear interactions. To effectively encode such tabular 
genomic data, deep learning-based approaches have been developed, 
including data transformation methods [14], specialized architectures 
for tabular learning [25–27], and regularization-based models to im-
prove robustness and generalization [28]. Despite these advances, each 
modality alone provides only a partial view of tumor biology. This com-
plementary yet incomplete nature of histopathological and genomic 
data has motivated the development of multimodal fusion approaches 
that jointly leverage imaging and molecular information to achieve 
more comprehensive and accurate cancer diagnosis.

A variety of multimodal fusion strategies have been proposed to 
integrate histopathological and genomic information for cancer diag-
nosis, which can be broadly categorized into feature-level, decision-
level, and joint fusion approaches. Feature-level fusion typically con-
catenates WSI and omics features, offering simplicity but failing to 
model high-order cross-modal interactions and being sensitive to miss-
ing modalities [29,30]. Decision-level fusion leverages shared latent 
spaces, attention mechanisms, or dual-tower architectures to align 
modalities [8,9,31], but often suffers from shallow cross-modal inter-
actions. Joint fusion methods integrate modalities within unified archi-
tectures [32], yet challenges in modality alignment, data imbalance, 
and interpretability remain. To better capture complex cross-modal re-
lationships, Transformer-based multimodal frameworks have gained in-
creasing attention. Representative methods include MCAT [18], which 
applies co-attention for omics-guided WSI modeling; MOTCat [33], 
which employs optimal transport for improved alignment; SurvPath
[34], which models interactions between tokenized genomic features 
and WSIs; and CMTA [35] as well as prototype-based approaches [36], 
which enhance semantic alignment and interpretability through paral-
lel encoders and biological priors.

In summary, multimodal diagnostic models that integrate
histopathological imaging and genomic data have emerged as a promis-
ing direction in precision oncology, demonstrating strong potential 
in cancer subtyping, molecular phenotype prediction, and progno-
sis estimation. Nevertheless, existing approaches still exhibit notable 
limitations. First, unlike prior methods that implicitly assume modality-
specific features are sufficiently discriminative once fused, FESCA 
explicitly strengthens intra-modality representations by incorporating 
domain semantic priors, including lesion-relevant regions in WSIs and 
differentially expressed genes in genomic data. This design enables 
fine-grained, task-relevant semantic enhancement within each modal-
ity before multimodal interaction. Second, while many transformer-
based frameworks emphasize architectural fusion or attention-based 
aggregation to model cross-modal interactions, FESCA introduces a 
contrastive-learning-based cross-modal semantic alignment strategy 
that explicitly enforces semantic consistency between histopathological 
and genomic representations at the representation level, rather than 
relying solely on structural coupling. Finally, in contrast to prognosis-
oriented or task-specific multimodal models that focus on prediction 
heads, FESCA emphasizes semantic collaboration and alignment as a 
general representation-learning principle, making it particularly suited 
for diagnostic classification tasks that require interpretable and com-
plementary multimodal features. The related works are summarized 
in Table  1, which provides an overview of representative approaches 
across imaging, genomics, and multimodal integration.
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Table 1
A summary of related work on diagnostic models based on WSIs and mRNA data.
 Method Year Data modality Method type Model mechanism  
 Attention MIL [19] 2018 WSIs Attention-based Patch attention for instance weighting  
 TransMIL [13] 2021 WSIs Transformer-based Global patch relation modeling  
 CLAM [20] 2022 WSIs Attention-based Learn attention and instance clustering  
 DTFD-MIL [22] 2022 WSIs Transformer-based Dual transformer + feature decomposition fusion.  
 NAGCN [23] 2022 WSIs Graph-based Hierarchical global-to-local clustering strategy  
 Additive MIL [21] 2022 WSIs Attention-based Spatial credit assignment  
 MamMIL [24] 2024 WSIs Graph-based Selective structured state space(Mamba)+MIL  
 CatBoost [26] 2018 Tabular data Hybrid models Ordered Boosting+Target Encoding  
 RLNs [28] 2018 Tabular data Regularization-based Proposing a hyperparameter tuning strategy  
 NODE [25] 2019 Tabular data Hybrid models NODE extends traditional ensemble methods by building on oblivious decision trees 
 TabTransformer [37] 2020 mRNA Transformer-based Built upon self-attention based Transformers  
 TabNet [27] 2021 Tabular data Transformer-based Sequential attention to select salient features  
 SAINT [38] 2024 Tabular data Transformer-based Self-attention+intersample attention  
 AEmiGAP [14] 2024 micRNA Transformation-based Autoencoders+long short-term memory networks  
 MCAT [18] 2021 WSIs+mRNA Attention-based Generating omic-guided histology features for survival prediction  
 MOTCat [33] 2023 WSIs+mRNA Co-attention Transformer Optimal Transport to learn an optimal plan between histology and genes  
 CMTA [35] 2023 WSIs+mRNA Transformer-based Two parallel Transformer encoder–decoder modules  
 MMP [36] 2023 WSIs+mRNA Transformer-based Morphological+biological pathway  
 SurvPath [34] 2024 WSIs+mRNA Transformer-based Transcriptomics tokenizer+multimodal transformer  
3. Methodology

As shown in Fig.  1, the FESCA consists of three modules. Specifi-
cally, the semantic-guided feature enhancement module incorporates 
semantic prior information from lesion annotations and differential 
genes to achieve efficient intra-modality feature extraction and dis-
criminative enhancement, thereby generating high-quality modality 
embeddings with richer semantic representation and stronger discrim-
inability. The cross-modal semantic alignment module maps pathology 
radiomics features and genomic features into a shared semantic space 
through modality-specific feature mappers, and leverages a contrastive 
learning mechanism to strengthen cross-modal feature alignment and 
complementary representation. The multimodal collaborative diagnosis 
module dynamically adjusts the feature representation strategy based 
on the availability of input modalities, enabling accurate cancer-type 
prediction.

3.1. Data preparation

The mRNA dataset used in this study was obtained from the Cancer 
Genome Atlas (TCGA, https://www.cancer.gov/about-nci/organization
/ccg/research/structural-genomics/tcga). HTSeq-Counts data for breast 
cancer (TCGA-BRCA) were downloaded using R Studio, followed by ID 
transformation, log2 normalization, and the removal of samples with a 
high proportion of missing values or abnormal expression profiles.

The WSIs from the Breast Cancer Semantic Segmentation Challenge 
(BCSS) are available through the Grand Challenges website (https:
//bcsegmentation.grandchallenge.org/), which includes 151 histolog-
ically confirmed breast cancer WSIs scanned at 40× resolution and 
stained with haematoxylin and eosin (H&E). These slides are part of 
TCGA Program and have been manually annotated by pathologists, 
pathology residents, and medical students via a crowdsourcing process. 
In this study, we first perform color normalization using the Reinhard 
method [39], which aligns the statistical distribution (mean and stan-
dard deviation) of image colors in the LAB color space to a reference 
template to reduce staining variability. Subsequently, the original WSIs 
are processed using Otsu’s binarization algorithm to separate tissue 
from background, followed by morphological post-processing with a 
5 × 5 kernel closing operation to smooth tissue boundaries and fill small 
internal holes.

The details of the TCGA and BCSS datasets are shown in Table  2. 
From these datasets, 216 samples containing both WSIs and mRNA 
expression data were filtered, forming the paired dataset for this study 
(Table  3). As shown in Table  4, a two-stage data partitioning strategy 
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Table 2
Summary of datasets.
 Data 
type

Original 
samples

Filtered 
samples

Feature 
dimension

Pairing 
status

 

 mRNA 1187 216 19,938 WSI paired  
 WSIs 151 216 – mRNA paired 

Table 3
Summary of selected paired samples.
 Data Normal Abnormal

 Stage I Stage II Stage III 
 mRNA 98 181 624 269  
 WSIs 98 25 76 17  

Table 4
Data partitioning.
 Modules WSIs Percentage 
 Cross-modal semantic alignment module  
  Training 173 80%  
  Validation 43 20%  
 Multimodal collaborative diagnosis module  
  Training 151 70%  
  Validation 33 15%  
  Test 32 15%  

was adopted. In the first stage, aimed at cross-modal semantic align-
ment, 80% of the WSIs (173 slides) were used for training and the 
remaining 20% (43 slides) were used for validation. In the second stage, 
which focused on multimodal collaborative diagnosis, the complete set 
of 216 WSIs was re-split to ensure a rigorous evaluation: 70% (151 
slides) for training, 15% (33 slides) for validation, and 15% (32 slides) 
for testing. The model was trained and validated multiple times during 
development to ensure stable behavior. All results are reported under 
a fixed train–validation–test split. The final test set was completely 
held out from model development, enabling an unbiased evaluation of 
generalizability within the given dataset.

3.2. Semantic-guided feature enhancement module

To achieve efficient extraction and discriminative enhancement of 
intra-modality features, we propose a semantic-guided modality feature 
enhancement mechanism, which introduces semantic prior informa-
tion from the pathology and genomics domains to strengthen intra-
modality feature representation. Specifically, this mechanism designs 
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Fig. 1. Overview of the FESCA model and training strategy. The model includes three main modules: semantic-guided feature enhancement module, cross-modal 
semantic alignment module, and multimodal collaborative diagnosis module.
semantic-guided feature extraction modules for both the pathology 
imaging modality and the genomic modality, reinforcing semantic rep-
resentations within each modality from the early stages of the model 
and providing high-quality, discriminative embeddings for subsequent 
cross-modal semantic alignment. The mechanism consists of two com-
ponents: lesion-guided image feature embedding and differential-gene-
driven mRNA feature extraction.

Lesion-guided image feature embedding: To address the com-
putational challenges of utilizing all pixels in WSIs as input features, 
we adopt a Lesion-guided image feature embedding method. Specif-
ically, the ultra-high-resolution WSI is first partitioned into patches 
and embedded into compact local representations, substantially re-
ducing computational overhead while retaining critical pathological 
information. Subsequently, patches containing lesion regions are iden-
tified, and their deep feature representations are extracted to cap-
ture discriminative cues associated with tumor development. Finally, 
the lesion-related features are aggregated to derive a patient-level 
WSI representation, thereby establishing a coherent and discriminative 
foundation for subsequent cross-modal semantic alignment.

In the patch extraction and embedding stage, we employ a sliding 
window approach with a 112-pixel overlap to crop image patches of 
size 𝑊𝑝 × 𝐻𝑝 × 𝐶𝑝, where 𝑊𝑝, 𝐻𝑝, and 𝐶𝑝 denote the width, height, 
and number of channels of each patch, respectively. Then, to effectively 
aggregate the numerous patch-level features into a compact slide-
level representation for cosine similarity computation, we introduce 
a Transformer-based patch decoder. This decoder reduces the dimen-
sionality of each patch feature from 𝑊𝑝 × 𝐻𝑝 × 𝐶𝑝 to 𝐷 × 1 to feature 
vector of size 𝐷×1, where 𝐷 is the feature dimension. We utilize a ViT 
model pretrained on large-scale datasets such as ImageNet [40], which 
has demonstrated strong generalization capabilities when transferred 
to domain-specific tasks, including WSI analysis. The use of ViT sub-
stantially enhances the accuracy and robustness of the extracted patch 
4 
features [41], making it a suitable backbone for our feature extraction 
pipeline. The specific implementation process is as follows:

Given an input image 𝐼 ∈ R224×224×3, the pretrained ViT model 
constructs a sequence of 196 non-overlapping 16 × 16 patches. These 
patches are projected into token embeddings, and to capture their spa-
tial information, positional embeddings 𝑃 ∈ R196×768 are incorporated. 
The resulting position-encoded features are formulated in Eq.  (1). 
𝑋𝑝𝑜𝑠

𝑝𝑎𝑡𝑐ℎ = 𝑋𝑝𝑎𝑡𝑐ℎ + 𝑃 (1)

Each position-encoded patch feature 𝑥pos𝑖  undergoes a linear trans-
formation to map it into an embedding space. Let the weight matrix 
for the linear transformation be 𝑊 ∈ R768×𝐷, where 𝐷 (𝐷 = 768) is 
the dimension of the embedding space. The transformed features are 
shown in Eq.  (2). 
𝐸𝑝𝑎𝑡𝑐ℎ = 𝑋𝑝𝑜𝑠

𝑝𝑎𝑡𝑐ℎ𝑊 (2)

Finally, each patch is flattened into a D-dimensional vector, so the 
patch feature matrix is shown in Eq.  (3). 
𝑋𝑝 = [𝑥𝑐𝑙𝑠; 𝑥1, 𝑥2,… , 𝑥196], 𝑥𝑖 ∈ R𝐷 (3)

where, 𝑥𝑐𝑙𝑠 is the embedding of the [CLS] token, which has a di-
mensionality of D. 𝑥1, 𝑥2,… , 𝑥196 represent the embeddings of the 196 
patches, each with a dimensionality of D. 
𝑓𝑖𝑗 = Transformer(𝑋𝑖𝑗

𝑝 ) ∈ R𝐷 (4)

where 𝑋𝑖𝑗
𝑝  denotes the 𝑗th patch of the 𝑖th WSI image, and 𝑓𝑖𝑗 represents 

the corresponding feature vector extracted from 𝑋𝑖𝑗
𝑝 .

Based on the large number of patch-level features obtained from 
the patch extraction and embedding, we employed an attention-based 
multiple instance learning (MIL) model to identify patches containing 
lesion-related information. This model performs weakly supervised 
classification of patches as cancerous or non-cancerous, enabling the 
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selection of patches that are most relevant to breast cancer and reduc-
ing the impact of irrelevant regions on downstream classification tasks. 
To derive sample-level image representations, we aggregated the patch 
features using mean pooling, resulting in a compact and informative 
feature vector for each sample. The calculation formula is as follows: 

𝐹𝑝 =
1
𝑁𝑝

𝑁𝑝
∑

𝑗=1
𝑓𝑖𝑗 ∈ R𝐷 (5)

where 𝐹𝑝 denotes the feature vector of the 𝑝th WSI, the 𝑁 represents 
the number of patches extracted from the 𝑝th WSI by the MIL model.

Differential-gene-driven mRNA feature extraction: A common 
challenge in medical research is the Large-p, Small-n problem, where 
the number of input features (e.g., genes) is much greater than the 
number of available samples. This imbalance can lead to the so-called 
curse of dimensionality, which hinders the generalization ability of ma-
chine learning models. To address this issue and identify representative 
signature genes that are specifically associated with cancer, we perform 
differential expression analysis across stage I, stage II, and stage III 
samples.

There are several methods available for identifying significantly 
differentially expressed genes between groups. Considering the type 
of dataset that was used in this study, we selected the Differential 
Expression analysis based on the Negative Binomial distribution 2 
(DESeq2) [42] as the differential analysis method in our study.

Assume the mRNA expression data is a 𝑁 × 𝑀 matrix, where 𝑁
represents the number of samples and 𝑀 represents the number of 
genes. Let 𝑥𝑖(1 ≤ 𝑖 ≤ 𝑁) represents 𝑖th sample in the dataset and 
𝐺 = {𝑔1, 𝑔2,… , 𝑔𝑀} denotes the gene set. To correct for technical vari-
ability and ensure reliable downstream differential expression analysis, 
DESeq2 estimates the library size factors and gene-wise scaling factors. 
Specifically, the library size factor of sample 𝑥𝑖, computed using Eq. 
(6), accounts for differences in sequencing depth across samples. The 
gene-specific size factor for gene 𝑔𝑗 , calculated using Eq.  (7), captures 
expression variability across all samples. Finally, the standardized ex-
pression level of gene 𝑔𝑗 in sample 𝑥𝑖, given by Eq.  (8), is obtained by 
normalizing the raw read count 𝐶𝑜𝑢𝑛𝑡(𝑥𝑖𝑔𝑗 ) with both sample-wise and 
gene-wise size factors. 

𝑠𝑥𝑖 =
𝐶𝑜𝑢𝑛𝑡(𝑥𝑖)

exp
(

1
𝑁

∑𝑁
𝑖=1 log

(

𝐶𝑜𝑢𝑛𝑡(𝑥𝑖)
)

) (6)

𝑠𝑔𝑗 =
∑𝑁

𝑖=1 𝐶𝑜𝑢𝑛𝑡(𝑥𝑖)

exp
(

1
𝑀

∑𝑀
𝑗=1 log

(

∑𝑁
𝑖=1 𝐶𝑜𝑢𝑛𝑡(𝑥𝑖)

)) (7)

𝑆𝑡𝑎𝑛𝑑𝐶𝑜𝑢𝑛𝑡𝑖𝑗 =
𝐶𝑜𝑢𝑛𝑡(𝑥𝑖𝑔𝑗 )

𝑠𝑥𝑖
exp

(

1
𝑁

∑𝑁
𝑖=1 log(𝑠𝑥𝑖 )

)

(8)

where, 𝑠𝑥𝑖  represents the library size factor of sample 𝑖, 𝑠𝑔𝑖  represents 
the size factor of gene 𝑔𝑖, 𝑆𝑡𝑎𝑛𝑑𝐶𝑜𝑢𝑛𝑡𝑖𝑗  represents the standardized 
expression of each gene 𝑔𝑖, and 𝐶𝑜𝑢𝑛𝑡(𝑥𝑖) represents the read count of 
sample 𝑥𝑖.

Following normalization, DESeq2 estimates the dispersion (vari-
ance) of gene counts across samples and applies an empirical Bayesian 
approach to shrink these estimates toward the overall average disper-
sion. The count data are modeled using a negative binomial distribu-
tion, and statistical testing is performed using the Wald test. For each 
gene, the Wald statistic is calculated based on the estimated log2 fold 
change, and a 𝑝-value is derived from the chi-square distribution (𝜒2). 
Differentially expressed genes were selected based on the criteria of 
| log2 FC| > 1 and an adjusted 𝑝-value < 0.1 (as shown in (9)), and their 
expression patterns across stage I, II, and III samples are visualized as 
a heatmap in Fig.  2. 
𝐺signature = {𝑔𝑗 ∶ | log2(𝐹𝐶𝑗 )| > 1 and 𝑝𝑗 < 0.1} (9)

where, 𝐺𝑠𝑖𝑔𝑛𝑎𝑡𝑢𝑟𝑒 represents the obtained differential gene set, which 
serves as a key driving feature for subsequent cross-modal alignment 
and cancer diagnosis.
5 
Fig. 2. Heatmap of signature genes. A heatmap illustrates the expression 
patterns of 889 signature genes, selected from a total of 18,031 genes, across 
samples from stage I, stage II, and stage III.

3.3. Cross-modal semantic alignment module

To achieve deep semantic collaboration between pathology imaging 
and genomic features, we propose a contrastive-learning-based cross-
modal semantic alignment framework. The proposed framework first 
employs modality-specific projection heads to unify the dimensionality 
of features across modalities. These features are then projected into a 
shared semantic space via a contrastive learning scheme, which maxi-
mizes cross-modal consistency for the same patient while suppressing 
semantic discrepancies across different patients. This procedure effec-
tively strengthens the semantic coherence and discriminative power of 
the multimodal fusion framework.

Specifically, based on the WSI and gene embeddings obtained 
through image and mRNA feature extraction, respectively, we employ 
two modality-specific deep projection heads based on Deep Neural 
Networks (DNNs) [43] to perform cross-modal alignment learning. 
These projection heads are defined as 𝐸wsi(⋅) for WSIs and 𝐸mRNA(⋅)
for mRNA expression data, respectively, as follows:

𝐹 ′ = 𝐸wsi(𝐹 )

=

⎧

⎪

⎨

⎪

⎩

ℎ1 = 𝜙(𝑊1𝑥 + 𝑏1),𝑊1 ∈ R512×𝐷, 𝑏1 ∈ R512

ℎ2 = 𝜙(𝑊2ℎ1 + 𝑏2),𝑊2 ∈ R256×512, 𝑏2 ∈ R256

ℎ3 = 𝜙(𝑊3ℎ2 + 𝑏3),𝑊3 ∈ R𝐷′×256, 𝑏3 ∈ R𝐷′

(10)

𝐺′ = 𝐸𝑚𝑅𝑁𝐴(𝐺signature)

=

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

ℎ1 = 𝜙(𝑊1𝑥 + 𝑏1),𝑊1 ∈ R1024×𝐷, 𝑏1 ∈ R1024

ℎ2 = 𝜙(𝑊2ℎ1 + 𝑏2),𝑊2 ∈ R512×1024, 𝑏2 ∈ R512

ℎ3 = 𝜙(𝑊3ℎ2 + 𝑏3),𝑊3 ∈ R256×512, 𝑏3 ∈ R256

ℎ4 = 𝜙(𝑊4ℎ3 + 𝑏4),𝑊4 ∈ R128×256, 𝑏4 ∈ R128

𝑧 = 𝑊5ℎ4 + 𝑏5,𝑊5 ∈ R𝐷′×128, 𝑏5 ∈ R𝐷′

(11)

where 𝜙(⋅) denotes the ReLU activation function. 𝐹  denotes the feature 
vectors extracted from WSIs, 𝐺𝑠𝑖𝑔𝑛𝑎𝑡𝑢𝑟𝑒 denotes the signature gene vec-
tors derived from mRNA expression data, and 𝐷′ represents the output 
dimensionality of both 𝐸 (⋅) and 𝐸 (⋅).
𝑤𝑠𝑖 𝑚𝑅𝑁𝐴
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A contrastive loss function is applied to measure the similarity 
between the outputs of 𝐸𝑤𝑠𝑖(⋅) and 𝐸𝑚𝑅𝑁𝐴(⋅). Eqs. (12), (13), and (14) 
represent the loss function used during the model training. In training 
we maximize cos(𝑆F’𝑖 , 𝑆G’𝑖 ), while minimizing cos(𝑆F’𝑖 , 𝑆G’𝑗 ), where 𝑖 ≠ 𝑗. 

𝑊𝑆𝐼
𝑝𝑜𝑠 (𝑖) = − log

exp
(

𝑐𝑜𝑠(𝑆F’𝑖 , 𝑆G’𝑖 )∕𝜏
)

∑𝑁
𝑗=1 exp

(

𝑐𝑜𝑠(𝑆F’𝑖 , 𝑆G’𝑗 )∕𝜏
) (12)

𝑚𝑅𝑁𝐴
𝑝𝑜𝑠 (𝑖) = − log

exp
(

𝑐𝑜𝑠(𝑆G’𝑖 , 𝑆F’𝑖 )∕𝜏
)

∑𝑁
𝑗=1 exp

(

𝑐𝑜𝑠(𝑆G’𝑖 , 𝑆F’𝑗 )∕𝜏
) (13)

𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 =
1
2𝑁

𝑁
∑

𝑖=1

(

𝑊𝑆𝐼
𝑝𝑜𝑠 (𝑖) + 𝑚𝑅𝑁𝐴

𝑝𝑜𝑠 (𝑖)
)

(14)

where 𝑐𝑜𝑠(⋅) denotes the cosine similarity, 𝑆F’𝑖  represents the embed-
ding features of the 𝑖th sample obtained from 𝐸𝑤𝑠𝑖(⋅), 𝑆G’𝑖  represents 
the embedding feature of 𝑖th sample from 𝐸𝑚𝑅𝑁𝐴(⋅), and 𝜏 denotes 
the temperature parameter to controlling the smoothness of softmax 
function.

3.4. Multimodal collaborative diagnosis module

To enable precise diagnostic modeling for cancer patients, we intro-
duce a modality-adaptive fusion strategy that dynamically adjusts the 
feature integration process based on the availability of input modalities, 
thereby fully leveraging the complementary strengths of multimodal 
representations. Specifically, the strategy adapts the feature encoding 
pathway according to modality accessibility: when only a single modal-
ity is available, the model directly utilizes the embedding generated 
by the corresponding encoder, preserving its discriminative power and 
stability in unimodal diagnostic tasks. When multiple modalities are 
available, the model employs an attention-based fusion mechanism to 
adaptively integrate WSI and mRNA features, enabling modality-aware 
interaction and hierarchical feature aggregation, and ultimately cap-
turing richer cross-modal semantic relationships. This adaptive fusion 
strategy not only mitigates performance degradation caused by missing 
modalities but also enhances the model’s flexibility and robustness 
across diverse data conditions.

When only a single modality is available, let 𝑋𝑤𝑠𝑖
𝑖  and 𝑋𝑟𝑛𝑎

𝑖  denote 
the WSI and mRNA inputs of the 𝑖th sample, respectively. The image 
or gene embedding representations are obtained as shown in Eqs. (15) 
and (16). 
𝑍𝑤𝑠𝑖

𝑖 = 𝐸𝑤𝑠𝑖(𝑋𝑤𝑠𝑖
𝑖 ) (15)

𝑍𝑟𝑛𝑎
𝑖 = 𝐸𝑚𝑅𝑁𝐴(𝑋𝑟𝑛𝑎

𝑖 ) (16)

When both WSI and mRNA data are available, we employ a fixed-
weight fusion strategy in which the modality-specific encoders first 
produce the embeddings 𝑍𝑤𝑠𝑖

𝑖  and 𝑍𝑟𝑛𝑎
𝑖 , and the two representations 

are subsequently integrated using equal-weight averaging. This design 
avoids introducing additional learnable fusion parameters and pro-
vides a simple yet stable mechanism for integrating heterogeneous 
modalities. 
𝛼𝑟𝑛𝑎𝑖 = 1 − 𝛼𝑤𝑠𝑖

𝑖 , 𝛼𝑤𝑠𝑖
𝑖 = 0.5 (17)

𝑍𝑖 = 𝛼𝑤𝑠𝑖
𝑖 𝑍𝑤𝑠𝑖

𝑖 + 𝛼𝑟𝑛𝑎𝑖 𝑍𝑟𝑛𝑎
𝑖 (18)

where, 𝛼𝑤𝑠𝑖
𝑖  and 𝛼𝑟𝑛𝑎𝑖  represent the weights of WSI and mRNA features, 

respectively.
Subsequently, the fused feature 𝑍𝑖 is fed into an MLP classifier to 

predict the cancer category, as defined in Eq. (19). The model is trained 
by minimizing the loss function (20). 
𝑦̂ = 𝑓 (𝑍 ) (19)
𝑖 𝑚𝑙𝑝 𝑖

6 
𝑐𝑙𝑠 = − 1
𝑁

𝑁
∑

𝑖=1

𝐶
∑

𝑐=1
𝑦𝑖,𝑐 log 𝑦̂𝑖,𝑐 (20)

where 𝑦̂𝑖 ∈ R𝐶 denotes the predicted class–probability vector for the 
𝑖th sample, 𝑓mlp(⋅) is the MLP classifier mapping the embedding 𝑍𝑖 to 
the probability space, 𝑐𝑙𝑠 is the classification loss, 𝑦𝑖,𝑐 is the one-hot 
ground-truth label, and 𝑦̂𝑖,𝑐 is the predicted probability for class 𝑐.

To further assess the clinical applicability and diagnostic perfor-
mance of the FESCA method, we developed a unified multimodal 
embedding-based classification system. The system is designed to flex-
ibly support inputs from two modalities, WSI or mRNA expression 
data, by dynamically selecting the corresponding encoder from an 
encoder set to project them into a shared embedding space, followed 
by classification using an MLP classifier. The system ultimately provides 
an automated prediction of breast cancer pathological staging, offering 
a scalable and effective tool for clinical decision support.

All modules described above are trained under a unified optimiza-
tion protocol to ensure stability and reproducibility. All experiments 
were conducted in R and Python environments. Models were optimized 
using the Adam optimizer (learning rate 1 × 10−4), with a batch size 
of 16 and early stopping within 100 epochs. Regularization strate-
gies were applied, and all hyperparameters were selected based on 
validation performance and kept consistent across experiments.

3.5. Evaluation criterion

Given the class imbalance in our dataset, we selected evaluation 
metrics that are robust to this characteristic. We use the Area Under 
the Precision–Recall Curve (AUC-PR), which offers a more reliable 
performance measure for the minority class than ROC-AUC [44]. Addi-
tionally, we report weighted precision, weighted recall, and weighted 
F1-score. These weighted averages account for class imbalance by 
weighting each class’s metric by its sample size, preventing the majority 
class from skewing the overall performance evaluation. 

𝑃𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
, 𝑃𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 =

∑𝐶
𝑖=1(𝑃𝑖 ⋅ 𝑛𝑖)
∑𝐶

𝑖=1 𝑛𝑖
(21)

𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
, 𝑅𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 =

∑𝐶
𝑖=1(𝑅𝑖 ⋅ 𝑛𝑖)
∑𝐶

𝑖=1 𝑛𝑖
(22)

𝐹1𝑖 =
2 ⋅ (𝑃𝑖 ⋅ 𝑅𝑖)
𝑃𝑖 + 𝑅𝑖

, 𝐹1𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 =
∑𝐶

𝑖=1(𝐹1𝑖 ⋅ 𝑛𝑖)
∑𝐶

𝑖=1 𝑛𝑖
(23)

where, 𝑇𝑃𝑖 represents True Positives, 𝐹𝑃𝑖 represents False Positives, 
and 𝐹𝑁𝑖 represents False Negatives, corresponding to the elements 
of the confusion matrix for class 𝑖. 𝐶 represents the total number of 
classes, and 𝑛𝑖 represents the number of samples in class 𝑖.

4. Results

4.1. Comparisons with state-of-the-art

To comprehensively evaluate the performance of FESCA, we re-
produced several representative unimodal and multimodal models as 
baseline methods for comparison.

WSI-Based Unimodal Models:

• ABMIL [19]: It is a representative attention-based MIL model that 
is widely used in pathological image analysis.

• TransMIL [13]: It is a Transformer-based MIL model widely ap-
plied in WSI-based pathology analysis.

• Low-rank MIL [17]: This model enhances feature compactness 
and generalization through low-rank constraints.

• AlexNet-BC [45]:This model extracts morphological and semantic 
tissue patterns to enable effective WSI classification.

• Xception [46]: This model performs efficient WSI feature extrac-
tion with reduced computational cost.
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• InceptionV3 [47]: This model performs efficient multi-scale fea-
ture extraction for WSI representation learning.

• SEDenseNet [48]: This model improves WSI feature representa-
tion and classification performance through channel-wise feature 
recalibration.

mRNA-Based Unimodal Models:

• RF [49]: It is a classical method widely used for gene expression 
data classification.

• XGBoost [50]: It is an efficient ensemble learning method com-
monly applied to genomic data analysis.

• LightGBM [51]: It is a highly efficient gradient boosting frame-
work that performs well on large-scale and high-dimensional 
genomic datasets.

• gcForest [52]: It is a cascade forest model with strong robustness 
and adaptability for small-sample, high-dimensional data.

• TabNet [27]: It is a model that dynamically selects the most 
informative features at each decision step for efficient feature 
utilization.

• TabTransformer [37]: This model automatically learns feature in-
teractions without manual feature engineering, improving tabular 
data classification.

• SAINT [53]: This model combines self-attention and inter-sample 
attention to capture both feature dependencies and sample rela-
tionships in tabular data.

WSI–mRNA Multimodal Models:

• MCAT [18]: A representative multimodal diagnostic model known
for its effective feature fusion and semantic interaction mecha-
nisms, and thus selected as a baseline.

• MOTCat [33]: A model that introduces a cross-modal Transformer 
architecture to further enhance semantic interaction and feature 
fusion across modalities, making it a suitable Transformer-based 
baseline for comparison.

Based on the aforementioned baseline models, we systematically 
evaluate FESCA across different modalities under consistent experimen-
tal settings.

Comparison with WSI-based Unimodal Models: To evaluate the 
semantic extraction capability and discriminative feature representa-
tion of FESCA within the pathology image modality, we conducted a 
systematic comparison with WSI-based unimodal models. The exper-
imental results are summarized in Table  5, where FESCAWSI denotes 
the FESCA model using only the WSI modality.

Specifically, FESCAWSI achieves the highest AUC-PR (0.796), ex-
ceeding the best-performing baseline, Xception (0.782). This improve-
ment demonstrates that FESCAWSI can better identify subtle lesion-
related patterns, particularly in minority-class samples. Furthermore, 
the balanced precision (0.722) and recall (0.778), together with an F1-
score of 0.720, suggest that the semantic-guided feature enhancement 
mechanism enables the model to extract more reliable and meaning-
ful pathological representations. In comparison, CNN-based baselines 
exhibit clear trade-offs between precision and recall, and Transformer-
based methods such as TransMIL, although achieving high recall, still 
fail to match the overall discriminative performance of FESCAWSI. Tra-
ditional MIL and shallow CNN methods show even larger performance 
gaps, underscoring their limitations in capturing high-level semantic 
patterns from gigapixel WSIs.

These findings collectively confirm that FESCAWSI not only yields 
superior classification performance but also demonstrates enhanced 
intra-modality semantic extraction and feature representation capabil-
ities compared with existing WSI-based unimodal approaches.

Comparison with mRNA-based Unimodal Models: To evaluate 
the semantic modeling capability and discriminative feature extraction 
of FESCA within the genomics modality, we conducted a systematic 
7 
Table 5
Performance comparison between the FESCA model and seven baseline algo-
rithms on the test data of WSIs.
 Model AUC-PR Precision Recall F1-score 
 ABMIL 0.430 0.277 0.526 0.363  
 SEDenseNet 0.560 0.399 0.632 0.489  
 Xception 0.782 0.493 0.611 0.495  
 InceptionV3 0.682 0.468 0.684 0.556  
 AlexNet-BC 0.675 0.592 0.632 0.611  
 Low-rank MIL 0.638 0.573 0.737 0.640  
 TransMIL 0.697 0.709 0.842 0.770  
 FESCAWSI 0.796 0.722 0.778 0.720  

Table 6
Performance comparison of Baselines and FESCA models on mRNA data.
 Model AUC-PR Precision Recall F1-score 
 XGBoost 0.460 0.389 0.389 0.389  
 SAINT 0.626 0.556 0.389 0.456  
 TabNet 0.552 0.458 0.611 0.524  
 gcForest 0.643 0.444 0.667 0.533  
 TabTransformer 0.574 0.444 0.667 0.533  
 RF 0.473 0.471 0.668 0.552  
 LightGBM 0.511 0.471 0.668 0.552  
 SVM 0.587 0.693 0.722 0.641  
 FESCAmRNA 0.816 0.850 0.833 0.839  

comparison with several classical gene expression-based classification 
models. The experimental results are presented in Table  6, where 
FESCAmRNA denotes the FESCA variant that uses only mRNA data.

Specifically, FESCAmRNA achieves an AUC-PR of 0.816, yielding 
a notable 17.3% improvement over the strongest baseline, gcFor-
est (0.643). This demonstrates its superior ability to capture subtle, 
disease-related signals embedded in high-dimensional gene expression 
profiles. The model also attains the highest precision (0.850) and recall 
(0.833), indicating that its learned representations not only better 
distinguish positive samples but also effectively suppress irrelevant 
variation, as further evidenced by its F1-score of 0.839. In contrast, 
ensemble models such as XGBoost, RF, and LightGBM struggle with 
both precision and recall, implying that tree-based decision boundaries 
are insufficient for modeling complex nonlinear gene interactions. 
Deep tabular models (TabNet, TabTransformer, SAINT) show moderate 
gains yet still fall well short of FESCAmRNA, suggesting that feature-
level attention or local feature selection alone cannot fully capture 
gene–gene dependencies or latent biological semantics.

In conclusion, these results demonstrate that FESCA’s semantic-
guided feature enhancement mechanism effectively identifies disease-
associated gene groups and constructs a more discriminative and bio-
logically meaningful embedding space, rather than relying on shallow 
statistical correlations.

Comparison with WSI–mRNA multimodal Models: To evaluate 
the multimodal fusion performance of the proposed FESCA model, we 
compare FESCAWSI, FESCAmRNA, and the full FESCA model with two 
WSI–mRNA multimodal baselines (as shown in Table  7). In the full 
FESCA model, the input is the fused feature vector derived from the 
outputs of the Image Encoder and the mRNA Encoder.

The results show that the proposed FESCA model consistently out-
performs both multimodal models across all evaluation metrics. FESCA 
achieves the highest AUC-PR (0.829), Precision (0.856), and F1-score 
(0.822), demonstrating clear advantages in predictive accuracy and 
overall classification performance. Although FESCAmRNA reaches the 
same Recall (0.833), the full multimodal model achieves stronger over-
all results by effectively leveraging complementary cross-modal infor-
mation. In contrast, MCAT and MOTCat exhibit pronounced imbalances 
between precision and recall, suggesting that their fusion strategies fail 
to fully exploit cross-modal complementary cues, thereby limiting their 
semantic interaction capabilities. These findings validate the effective-
ness of FESCA’s cross-modal alignment and fusion strategy, highlighting 
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Table 7
Performance comparison of classification performance among multimodal 
baseline models and the proposed FESCA model on test data.
 Model AUC-PR Precision Recall F1-score 
 MCAT 0.746 0.719 0.278 0.187  
 MOTCat 0.746 0.759 0.333 0.362  
 FESCAWSI 0.796 0.722 0.778 0.720  
 FESCAmRNA 0.816 0.850 0.833 0.839  
 FESCA 0.829 0.856 0.833 0.822  

Table 8
Comparison of ablation experiments for the FESCA on test data.
 Model AUC-PR Precision Recall F1-score 
 SingleWSI 0.705 0.500 0.333 0.370  
 FESCAWSI 0.796 0.722 0.778 0.720  
 SinglemRNA 0.676 0.432 0.500 0.463  
 FESCAmRNA 0.816 0.850 0.833 0.839  
 FESCA 0.829 0.856 0.833 0.822  

its capability to more fully capture and utilize complementary informa-
tion from WSI and mRNA data, and demonstrating its strong potential 
for complex multimodal medical analysis.

4.2. Ablation experiment

To assess the contributions of the semantic-guided feature enhance-
ment module and cross-modal collaboration module in FESCA, we 
conducted ablation studies from both unimodal and multimodal per-
spectives. Specifically, we constructed two unimodal variants using 
only the pathology image modality (SingleWSI) and only the genomic 
modality (SinglemRNA), respectively. These models were systematically 
compared with their corresponding enhanced versions (FESCAWSI and 
FESCAmRNA) as well as with the full FESCA model. The experimental 
results are summarized in Table  8.

The results in Table  8 indicate that incorporating the proposed 
semantic-guided and cross-modal collaboration mechanisms yields sub-
stantial performance improvements across both modalities. For the WSI 
modality, FESCAWSI surpasses SingleWSI on all evaluation metrics, 
with AUC-PR increasing from 0.705 to 0.796 and F1-score from 0.370 
to 0.720. This improvement reflects the effectiveness of lesion-prior-
driven semantic enhancement and contrastive alignment in enabling 
more reliable extraction of discriminative pathological patterns. For 
the mRNA modality, FESCAmRNA likewise demonstrates notable gains, 
achieving an approximately 20.7% increase in AUC-PR and improv-
ing the F1-score from 0.463 to 0.839 compared with SinglemRNA. 
These results highlight the benefit of incorporating differential-gene 
priors and cross-modal alignment to obtain more discriminative and 
noise-resilient genomic representations. Finally, the complete FESCA 
model further improves multimodal performance, achieving an AUC-
PR of 0.829 and a Precision of 0.856, outperforming both unimodal 
variants. This enhancement is primarily attributable to the attention-
based fusion mechanism, which enables more effective integration of 
complementary information from WSIs and mRNA profiles.

In conclusion, the ablation studies provide strong empirical evi-
dence for the effectiveness of both the semantic-guided feature en-
hancement module and the cross-modal collaboration module within 
FESCA. These two components contribute fundamentally to the frame-
work: the former substantially improves intra-modality semantic rep-
resentation learning, while the latter markedly strengthens multimodal 
fusion and cross-modal information integration.

Furthermore, to validate the effectiveness of using ViT as the feature 
extractor in the lesion-guided image feature embedding module, we 
conducted an additional ablation study. Under the same dataset and 
parameter settings, the ViT encoder in the original model was replaced 
with two commonly used convolutional neural network backbones 
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(ResNet-50 and EfficientNet-B0) and the extracted features were used 
to train the attention-based MIL model. Subsequently, MIL prediction 
results on different image patches were visualized for comparison (as 
shown in Fig.  3). The experimental results show that the ViT-based 
feature extractor learns more discriminative and semantically enriched 
representations from WSI patches, achieving significantly higher ac-
curacy and robustness in lesion-region identification compared with 
ResNet-50 and EfficientNet-B0. These findings indicate that ViT is more 
effective at capturing diagnostically meaningful patch-level features 
from WSIs and provides higher-quality inputs for subsequent semantic 
representation learning and classification tasks. This further confirms 
both the value and necessity of employing ViT within the FESCA 
framework.

4.3. Multimodal correlation analysis of radiology images and mRNA ex-
pression profiles

To evaluate the performance of the multimodal alignment module 
between WSIs and mRNA expression data, the cosine similarity be-
tween the encoded vectors of image and mRNA data obtained through 
the FESCA model was visualized. Fig.  4A shows the distributions of 
self-similarity and cross-similarity on both the training and test sets. 
Specifically, self-similarity quantifies the similarity between paired im-
age and mRNA representations, while cross-similarity captures the 
similarity between randomly paired samples across modalities. The 
results reveal that, in both the training and test sets, the similarity 
between paired data (self-similarity) is significantly higher than that 
of unpaired data (cross-similarity), indicating an effective alignment 
of multimodal representations. Furthermore, in the independent test 
set, 87.5% of the samples exhibit a strong correlation between their 
WSI and mRNA feature representations derived from the multimodal 
alignment module, with a mean similarity of 0.6737 and a median 
similarity of 0.7004, suggesting that the learned multimodal repre-
sentations maintain stable alignment behavior on unseen samples (as 
shown in Fig.  4B). The high similarity indicates that FESCA effectively 
captures semantic consistency between histopathological and mRNA 
feature representations.

To provide an intuitive representation-level perspective, Fig.  5 visu-
alizes the feature distributions before and after multimodal alignment 
using t-SNE. As shown in Fig.  5A, unaligned WSI and mRNA rep-
resentations exhibit disparate geometric structures, reflecting limited 
correspondence between modalities. In contrast, after alignment by 
FESCA (Fig.  5B), the two modalities display more consistent structural 
patterns in the embedding space. Importantly, the mean paired distance 
between corresponding WSI–mRNA representations is reduced from 
38.25 (unaligned) to 19.18 after alignment, quantitatively supporting 
the enhanced cross-modal consistency observed in the visualization.

In summary, the experimental results provide evidence that FESCA 
not only enables effective mapping of WSI-derived image features 
and mRNA expression features into a unified semantic representation 
space, but also markedly strengthens the semantic coherence and com-
plementarity between the two modalities. These aligned multimodal 
representations provide a favorable basis for downstream classification 
tasks.

4.4. System application

The FESCA framework has been further extended for breast cancer 
pathological staging tasks and is referred to as the Multimodal Data-
Based Model for Breast Cancer Diagnosis (MMBCD). The trained MM-
BCD model has been deployed on an online platform http://mmbcd.
ucd.ie/MMBCD/, forming an intelligent prototype system for breast 
cancer pathological staging diagnosis.

The system integrates histopathological data from WSIs and ge-
nomic mRNA expression data through modality-specific deep projec-
tion heads. These heads map both data types into a shared semantic 

http://mmbcd.ucd.ie/MMBCD/
http://mmbcd.ucd.ie/MMBCD/
http://mmbcd.ucd.ie/MMBCD/
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Fig. 3. Qualitative visualization of lesion-guided attention maps generated by the Attentional Multi-Instance Learning model using features extracted from different 
pretrained encoders, including an ImageNet-pretrained ViT, ResNet-50, and EfficientNet-B0. Regions with higher cancer-related attention are highlighted in yellow. 
This visualization is provided for interpretability purposes to illustrate how different feature extractors attend to lesion-related regions in high-resolution WSIs.

Fig. 4. Cosine similarity statistics between the encoded vectors of image and mRNA data obtained using the FESCA model. A. t-SNE visualization of unaligned 
WSI and mRNA representations, showing limited shared structure between the two modalities. B. t-SNE visualization of representations aligned by FESCA, where 
WSI and mRNA exhibit more coherent structural patterns, indicating improved cross-modal semantic alignment.

Fig. 5. Visualization of cross-modal representation alignment before and after semantic alignment. A. Box plot illustrating the cosine similarity distributions 
between image and mRNA feature representations in the training and test sets. B. Bar chart showing the similarity distribution in the test set.

Computer Methods and Programs in Biomedicine 279 (2026) 109288 
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Fig. 6. User interface of the MMBCD system. A. Main interface of the system, which supports input of either WSIs or mRNA expression data. B. Interface for 
image input, allowing users to upload WSI images from local storage. C. Output interface displaying the predicted pathological stage of the patient.
space, facilitating alignment. Advanced cross-modal semantic align-
ment techniques resolve the semantic inconsistencies between visual 
(WSI) and molecular (mRNA) modalities, thereby enhancing diagnostic 
accuracy and reliability.

Users can select between two input options: a WSI file (e.g., .png, 
or .jpg) can be uploaded on the image classification page; for mRNA 
input, an expression data files (e.g., .csv, or .txt) can be uploaded on 
the mRNA classification page. After uploading, users click ‘‘Classify’’, 
and the system processes the data to return cancer stage probabilities 
(as shown in Fig.  6). This ensures that the system can adapt to evolving 
research needs, marking a step toward clinical application. However, 
its deployment in clinical settings would require extensive validation 
through large-scale clinical trials.

5. Discussion

This study proposes FESCA, a semantic-guided multimodal frame-
work that effectively integrates WSI features and mRNA expression 
profiles for breast cancer stage classification. The experimental results 
consistently demonstrate the superiority of FESCA over existing uni-
modal and multimodal approaches. These improvements highlight the 
importance of semantic-guided feature enhancement and cross-modal 
alignment in addressing the inherent heterogeneity and complexity of 
medical multimodal data.

Compared with CNN-based WSI models, the lesion-guided image 
feature embedding method enables FESCA to capture more discrimina-
tive and fine-grained pathological patterns. Similarly, the incorporation 
of differential-gene-guided semantic priors allows the model to extract 
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biologically meaningful genomic representations, leading to clear ad-
vantages over traditional ensemble methods and tabular deep learning 
approaches. Furthermore, the cross-modal alignment module reinforces 
semantic coherence between modalities, enabling FESCA to exploit 
complementary diagnostic information more effectively than existing 
multimodal fusion frameworks such as MCAT and MOTCat. From a clin-
ical perspective, these results suggest that FESCA holds strong potential 
for supporting more reliable and comprehensive diagnostic assessment 
by jointly leveraging histopathological morphology and molecular-level 
signatures.

Despite its strong performance, this study has several limitations. 
First, the number of paired multimodal samples remains relatively 
limited, and further validation on large-scale, multi-center cohorts is 
required to ensure the robustness and generalizability of the proposed 
model. Second, FESCA does not explicitly address the modality-missing 
scenario, which is common in real-world clinical practice. Third, FESCA 
adopts an ImageNet-pretrained ViT for WSI feature extraction rather 
than pathology-specific pretrained models, which may further enhance 
histopathological representation learning. In future work, we plan to 
collect larger and more diverse datasets to further validate the gener-
alization ability of the proposed framework. Moreover, we will explore 
generative modeling strategies to improve the robustness and clinical 
applicability of FESCA under modality-incomplete conditions. In addi-
tion, incorporating pathology-specific pretrained visual backbones into 
the proposed multimodal framework will be investigated to further 
enhance performance. As multimodal diagnostic and prognostic tasks 
share common representation learning foundations, exploring unified 
modeling frameworks for different clinical task objectives represents 
another direction for future work.
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6. Conclusions

In this work, we presented FESCA, a multimodal diagnostic frame-
work designed to address the limited capability of existing fusion 
methods in modeling fine-grained intra-modality semantics and cross-
modal semantic interactions. FESCA incorporates a semantic-guided 
feature enhancement module and a contrastive-learning-based align-
ment strategy to improve representation quality for both WSI and 
mRNA modalities. Experimental results on unimodal and multimodal 
tasks demonstrate that FESCA consistently outperforms state-of-the-
art methods, achieving more discriminative and robust feature repre-
sentations. These findings indicate that FESCA provides an effective 
and scalable solution for integrative pathological–genomic analysis 
and holds strong potential for future applications in computer-aided 
diagnosis.
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