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ABSTRACT

KEYWORDS

Objective: Accurate detection of PIK3CA mutations is essential for guiding PI3K-targeted therapies in breast cancer, yet sequencing
is not universally accessible, and single-modality prediction models have limited performance. This study developed a multimodal
deep learning framework integrating whole-slide imaging (WSI) and structured clinical data to improve mutation prediction.
Methods: A total of 1,047 patients from TCGA and 166 patients from 3 external centers were included. The histopathology model
used a transformer-based pretrained encoder (H-optimus-0) and a clustering-constrained attention multiple instance learning
(CLAM-SB MIL) classifier to generate WSI-level representations. The clinical model incorporated engineered clinical variables and
an extreme gradient boosting (XGBoost) model. A decision-level late fusion strategy (Multimodal PIK3CA Model, MPM) combined
probabilistic outputs from both branches. Performance was evaluated with the area under the curve (AUC) and secondary metrics.
Interpretability was assessed via attention heatmaps and shapley additive explanations (SHAP) analysis.

Results: MPM outperformed single-modality models. It achieved an AUC of 0.745 on TCGA and maintained stable performance
across external cohorts (0.695, 0.690, and 0.680). SHAP analysis identified molecular subtype as the most influential clinical feature,
whereas attention maps highlighted mutation-associated morphological regions.

Conclusions: The developed multimodal framework effectively integrates complementary morphological and clinical information,
and provides a robust and generalizable method for predicting PIK3CA mutation status. Strong multicenter adaptability and biological
interpretability support its potential use as a clinical decision-support tool and an accessible alternative to molecular testing.

Breast cancer; PIK3CA mutation; multimodal artificial intelligence; whole-slide imaging; computational pathology

Introduction

Breast cancer is among the most common malignancies in
women worldwide and remains a major global health burden.
According to global cancer statistics, breast cancer accounts
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for nearly 30% of all cancer diagnoses in women and sub-
stantially contributes to cancer-related mortality each year!2.
Despite advances in diagnosis and treatment, the heteroge-
neous molecular landscape and complex biological behavior
of breast cancer continue to challenge precision oncology®.
Among the genomic alterations implicated in breast tum-
origenesis, mutations within the PI3K/AKT/mTOR (PAM)
signaling pathway are among the most prevalent*>. Recent
large-scale genomic studies have shown that approximately
62.6% of Chinese patients with breast cancer bear at least one
PAM pathway mutation, and PIK3CA is the most frequently
altered gene. PIK3CA mutations occur in as many as 40%
of HR+/HER2- tumors and approximately 30% of HER2+
tumors®.

With the development of PI3K-targeted therapies, PIK3CA
mutations have emerged as a key therapeutic biomarker.
Several novel PI3K inhibitors have demonstrated promising
anti-tumor activity’, and the first-in-class PI3Ka-selective
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inhibitor (alpelisib) has been approved by the U.S. Food and
Drug Administration and European Medicines Agency for
the treatment of patients with PIK3CA-mutated HR+/HER2-
breast cancer®. Consequently, accurate determination of
PIK3CA mutation status has become increasingly important
for treatment decision-making and individualized therapy.

Traditional approaches for detecting PIK3CA mutations rely
on molecular assays such as PCR and NGS. Although highly
accurate, these techniques require advanced laboratory infra-
structure, incur substantial cost, and substantially depend
on tissue quality; therefore, their application in routine clini-
cal practice has been limited. Deep learning models can now
predict key gene mutations, such as TP53, EGFR, and KRAS,
directly from routine H&E-stained whole-slide images (WSIs);
this major advancement in computational pathology® offers a
scalable and cost-effective alternative. However, most existing
studies have relied solely on single-modality inputs, primarily
pathology images, without leveraging complementary clinical
information. Multimodal learning, which integrates WSIs with
clinical data, has the potential to more comprehensively cap-
ture tumor biology and improve mutation prediction accuracy.

Moreover, current Artificial Intelligence (AI) models for
predicting PIK3CA mutation status were trained predomi-
nantly on single-center datasets with limited sample sizes or
restricted imaging diversity. Differences in staining protocols,
scanning devices, and tissue preparation across institutions
often introduce domain shift and substantially limit model
robustness in real-world clinical settings. Although recent
studies have suggested that incorporating structured clinical
variables might enhance prediction performance, large-scale,
multi-center, multimodal frameworks specifically designed to
predict PIK3CA mutations remain lacking.

This study integrated The Cancer Genome Atlas (TCGA)
breast cancer dataset with 3 independent multi-center cohorts
to develop a decision-level late-fusion multimodal model for
predicting PIK3CA mutation status (Multimodal PIK3CA
Model, MPM). By jointly leveraging deep representations from
whole-slide histopathology images and structured clinical var-
iables, the model demonstrated robust predictive performance
across heterogeneous datasets. MPM effectively capitalizes on
the complementary strengths of both modalities in generat-
ing stable and generalizable predictions, thereby providing a
solid methodological and empirical foundation for subsequent
algorithmic refinement, clinical translation, and real-world
deployment.

Materials and methods

Data sources and patient selection

The training dataset for this study was obtained from TCGA,
which provides multimodal breast cancer data including
genomic profiles, clinical information, and WSIs. External
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validation datasets were collected from 3 independent medical
centers: Hebei Medical University Fourth Hospital (HBMU),
Beijing Xuanwu Hospital of Capital Medical University
(CMU), and West China Hospital of Sichuan University
(SCU). The external cohorts consisted of core needle biopsy
specimens from patients with breast cancer.

The inclusion criteria were (1) histologically confirmed
primary breast cancer; (2) available PIK3CA mutation sta-
tus; (3) high-quality WSIs suitable for downstream analysis;
and (4) complete clinical information. The exclusion criteria
were (1) absence of PIK3CA mutation results; (2) poor-quality
WSIs (e.g., severe blurring, artifacts, or incomplete tissue); (3)
diagnosis of carcinoma in situ; and (4) intraoperative frozen-
section slides.

A total of 1,047 patients with 1,112 WSIs were included in
the TCGA training cohort. The external validation cohorts
consisted of 70 patients with 175 WSIs from HBMU, 52
patients with 52 WSIs from CMU, and 44 patients with 44
WSIs from SCU. Clinical variables included demographic
characteristics or pathological biomarkers, such as age,
molecular subtype, lymph node status, and American Joint
Committee on Cancer (AJCC) stage'®. All enrolled patients
in the external validation cohorts had complete information
for the core variables required by the model. External datasets
were entirely withheld from model development and used
exclusively for independent performance evaluation.

Histopathology image preprocessing and
feature extraction

To ensure that only high-quality tissue regions were analyzed,
we subjected WSIs to a standardized preprocessing workflow.
Tissue segmentation was performed with a combination of the
Clustering-constrained Attention Multiple Instance Learning
(CLAM)! framework and an HSV color-space threshold-
ing approach to exclude background, debris, and low-quality
regions. Tile extraction was performed with a fixed tile size
of 224 x 224 pixels, and all tiles were stored in HDF5 format.

Five state-of-the-art pathology foundation models were sys-
tematically evaluated as feature encoders, representing diverse
architectures and pretraining paradigms:

o  UNI-V2!2: Vision Transformer (ViT) models trained via
DINOW?2 self-supervised learning (1,536-d features)

o CTransPath!® Hybrid CNN-Swin Transformer encoder
trained with contrastive learning (768-d features)

e Virchow2!*: ViT model combining convolution and
global attention to capture multiscale context (2,560-d
features)

o H-optimus-0': Efficient pathology-specific ViT encoder
(1,536-d features)

o  CONCH-V1.5'%: Vision-language foundation model
specialized for pathology (768-d features)
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These encoders were benchmarked on the TCGA dataset to
determine the optimal feature extractor for downstream WSI-
level mutation prediction.

Architecture of the multimodal PIK3CA model

Herein, we introduce the MPM, an artificial intelligence

framework designed to predict PIK3CA mutation status in

breast cancer by leveraging heterogeneous multimodal inputs.

The MPM uses a decision-level fusion mechanism to combine

deep morphological representations from WSIs with clinically

relevant variables. The framework is composed of 2 distinct
predictive components that jointly form its core:

1. A histopathology model dedicated to processing WSI:
We used a multiple instance learning pipeline built upon
a pretrained Transformer-based architecture to extract
high-resolution morphological patterns associated with
PIK3CA mutations. The model outputs an independent
probability prediction for each case.

2. A clinical model designed to analyze structured clinical
variables, including age, molecular subtype, lymph node
status, and AJCC stage: We used machine learning al-
gorithms to model the nonlinear relationships between
these clinical attributes and PIK3CA mutation status,
thereby yielding an independent probability prediction
for each case.

During the training phase, both models were optimized inde-
pendently to maximize their respective predictive capabilities.
In the inference phase, their output probabilities were com-
bined through our decision-level fusion module, thus yielding
a unified and robust prediction of PIK3CA mutation status.

Construction of the histopathology model

The histopathology model used a two-stage weakly supervised
learning pipeline. The framework first used the pathology
foundation model H-optimus-0, pretrained on large-scale his-
topathology image datasets, to learn deep feature representa-
tions. These features were then passed to an attention-based
multiple instance learning classifier, CLAM-SB!!, which per-
formed slide-level prediction of PIK3CA mutation status.

Given a high-resolution WSI, we first divided it into a
sequence of N non-overlapping image patches {p,, p,,..., Py}
Each patch p; was then processed through the H-optimus-0
model via forward propagation to obtain its high-dimensional
deep feature representation.

hi = fH—optimus—O (p1 > eprc)ﬂ hi € Rd

Here, fi; . inueo denotes the forward computation function
ptimus-0

of the pretrained model, Gpre represents its fixed parameters,

and d is the dimensionality of the feature vector. This step con-

verted the large-scale WSI into a set of deep feature vectors
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H=1{h,h,
cal information of local regions.

Subsequently, the feature set H was fed into the CLAM-SB
classification model. This model uses an attention network
to compute the importance weight of each image patch with
respect to the final classification decision. Its core mechanism
involves spatially encoding the features and calculating the
corresponding attention scores:

.. » hyt}, and effectively encoded the morphologi-

exple)

N

D exple)

Here, W € R™?, b € R? and v € R? are learnable parame-
ters, and a, denotes the normalized attention score for the i-th

e =v'tanh(Wh +b), a =

image patch. The weighted average of all image patches forms
the bag-level representation of the entire WSI:

N

z=Yah,

i=1
Finally, the WSI-level representation z is passed into a fully
connected classification layer to produce the predicted proba-
bility of PIK3CA mutation:
=0 (Wz + br)

ypath

where o is the sigmoid activation function, and W_and b, are
the parameters of the classification layer.

This two-stage architecture has an advantage of operat-
ing without requiring pixel-level or region-level annotations.
Instead, it relies solely on weak WSI-level labels to automati-
cally identify morphologically informative regions associated
with genetic mutations and to perform end-to-end prediction.
This design provides an efficient and interpretable solution for
molecular biomarker detection in digital pathology.

Construction of the clinical model

The clinical model included 4 fundamental variables: age,
molecular subtype, lymph node status, and AJCC stage. To con-
struct the clinical data prediction model, we used the extreme
gradient boosting (XGBoost) algorithm, which has demon-
strated outstanding performance in processing tabular data. By
sequentially constructing a series of decision trees to iteratively
correct the prediction residuals of preceding models and incor-
porating regularization terms to effectively control model com-
plexity, XGBoost achieves remarkable predictive accuracy, high
computational efficiency, and robust resistance to overfitting.

Given a clinical dataset with n samples, D = {(x, y,)},
where x; € R, denotes an m-dimensional feature vector, and
y; € {0, 1} represents the PIK3CA mutation status label, the
XGBoost model produces its prediction as an additive com-
bination of K decision trees:

V=)= /%), fieF



Cancer Biol Med Vol 23, No 3 March 2026

Here, y, denotes the predicted output, f, represents the k-th
decision tree, and F" denotes the space of all possible decision
trees. The objective function of the model consists of a loss
term and a regularization term:

n K
(o) = Syttwn) + 3 77+ (1/2) ] el |
i=1 k=1
Here, Iy, §,) denotes the cross-entropy loss function. The reg-
ularization term includes T, the number of leaf nodes in the
tree; w, the weight of leaf nodes; y, controlling the tree struc-
ture complexity; A, the L2 regularization coefficient; and «, the
L1 regularization coefficient.

Construction of the multimodal PIK3CA
model

To integrate the complementary information provided by WSI
and clinical data for predicting PIK3CA mutations in breast
cancer, we developed a late decision-level fusion multimodal
learning framework, referred to as the MPM (Figure 1). The
core idea of this framework is using the prediction outputs
from 2 independent branches, the histopathology model
and the clinical model, and fusing them through a shallow
classifier. Each branch produces a binary probability vector,
wherein the 2 elements represent the predicted probabilities
of the sample being PIK3CA wild-type or mutant, respectively,
with a sum equal to 1. The implementation of MPM consists
of 2 major stages: training and inference.
1. Training phase

This phase constructs a multimodal fusion training set and
trains the logistic regression fusion module. The detailed steps
are as follows:

Histopathology model: For the i-th patient in the training
set, if the patient has S; WSIs, each slide is processed inde-
pendently through the histopathology model to obtain a binary

probability  vector: Pf:n;) = [Pf:n;)oapf:n;)l} s=1,2,..., 8.

The final histopathology model representation for the patient
is computed as the arithmetic mean of all slide-level probability
vectors:

- 1 S. .
M — )
img_g szlpimg

i

P

This aggregation assumes that each slide contributes equally
to the final prediction and is designed to reduce random errors
from individual slides through ensemble averaging, thereby
producing a more robust case-level representation.

Clinical model: For the same patient i, the clinical model
directly outputs a binary probability vector based on the struc-
tured clinical features:

pl) = [p40.p% |-
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MPM: The multimodal fusion feature for patient i is formed
by concatenating p(i) and p(i) :

img clin*
(i) — (i)
pfusion - pimg ® pclin‘

All fusion feature vectors {p(&m} and their correspond-
ing ground-truth labels {y)} are used to train a logistic
regression model, which learns the optimal fusion weights
and bias.

2. Inference phase

For a new sample, we first obtain its image-based and clini-
cal-based probability vectors with the trained image and clini-
cal branch models. After the same procedure as in the training
phase, the multimodal fusion feature is constructed and is
then fed into the trained logistic regression fusion module to
produce the final prediction:

= softmax (W “Prgon T )’

Y fusion

where W and b are the weight matrix and bias vector learned
during training. The output y; . represents the final proba-
bility distribution predicted by the MPM.

Experimental settings

All experiments in this study were conducted under a unified
experimental setup. The hardware platform was equipped with
an NVIDIA GeForce RTX 4090 GPU (24 GB VRAM). The
software environment was built on Python 3.8 and PyTorch
2.0.0, with parallel computing acceleration enabled via CUDA
11.8. All model development and training were performed in
the Ubuntu 20.04 operating system.

To ensure rigor and reproducibility, we used a standard-
ized 5-fold cross-validation scheme. In each fold, patient-level
stratified random sampling was used to partition the dataset
into training (80%), validation (10%), and test (10%) subsets,
ensuring balanced class distributions across splits. The valida-
tion set was used for monitoring training progress and early
stopping, whereas the test set was reserved for final perfor-
mance evaluation.

For the histopathology model, the CLAM-SB architecture
was used to process WSI features. Input features with a dimen-
sionality of 1,536 were refined and aggregated through a gated
attention network. Model weights were initialized with the
Xavier method, and Dropout (P = 0.25) was applied to enhance
generalization. Training was performed with the Adam opti-
mizer with an initial learning rate of 1 x 107> and a weight
decay of 1 x 107°. The model was trained in a whole-slide-
per-batch manner for as many as 200 epochs, and early stop-
ping was triggered after 30 epochs without improvement. Key
CLAM-SB hyperparameters included a bag-level loss weight
of 0.7 and 8 instances sampled per bag (balanced between
positive and negative examples). L2 regularization was applied
during training to prevent overfitting, and random seeds were
fixed to ensure reproducibility.
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Step 3. Model validat

Step 2. Model construction

Step 1. Data collection

Figure 1 Study flowchart. This study developed a multimodal artificial intelligence framework to predict PIK3CA mutations in breast cancer.

Step 1: data collection. Multi-center cohorts were assembled from TCGA and 3 external hospitals. Each case underwent standardized tissue
processing, histologic scanning, and genomic testing to obtain WSIs, clinical records, and mutation labels. Step 2: model construction. WSls
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were tiled and encoded with a pretrained transformer-based histopathology model, and predictive scores were output via the multiple

instance learning (MIL) framework. For the clinical model, structured clinical variables were fed into the dedicated clinical model for the deri-
vation of predictive scores. The 2 models generated probabilistic predictions that were fused through the Multimodal PIK3CA Model (MPM).
Step 3: model validation. Model performance was evaluated with ROC curves, confusion matrices, and attention or SHAP-based interpretabil-
ity analyses. Overall, the multimodal approach integrated complementary morphological and clinical information to improve the accuracy and
generalizability of PIK3CA mutation prediction. AJCC, American Joint Committee on Cancer; AUC, area under the curve; CMU, Beijing Xuanwu
Hospital of Capital Medical University; HBMU, Hebei Medical University Fourth Hospital; SCU, West China Hospital of Sichuan University;

SHAP, Shapley Additive Explanations; TCGA, The Cancer Genome Atlas; WSI, whole-slide image.

For the clinical model, the XGBoost ensemble learning
model was used to process features including age, lymph node
metastasis status, molecular subtype, and AJCC stage. The
model consisted of 100 decision trees with a maximum depth
of 3, a learning rate of 0.1, and subsampling ratios of 80% for
both instances and features, to mitigate overfitting. L1 (¢ =0.1)
and L2 (A = 1.0) regularization were applied. To address class
imbalance, the model automatically adjusted sample weights
based on the positive-negative ratio.

Throughout the study, all random partitions and initial-
izations were controlled by a fixed random seed to ensure
stability and comparability of results. All training proce-
dures were executed in the described hardware and software
environment, thereby providing a reliable foundation for
subsequent internal validation and external generalization
assessments.

Evaluation metrics

The primary evaluation metric in this study was the area
under the curve (AUC). In addition, we used the accu-
racy (ACC), F1 score (F1), sensitivity (SEN), and specific-
ity (SPEC) to provide a more comprehensive assessment of
model performance. All metrics were evaluated with the
bootstrap method (1,000 resamples) to calculate 95% con-
fidence intervals (CIs), thereby quantifying the statistical
stability of the evaluation results. To assess the significance
of differences in AUC among models, we used the DeLong
test. Furthermore, the Platt Scaling method was applied to
assess the consistency between model-predicted probabili-
ties and actual observed probabilities, and calibration curves
were plotted accordingly. Decision curve analysis (DCA) was
applied to quantify the clinical net benefit of the model across
various thresholds. This comprehensive approach ensured
balanced consideration of the model’s discriminative ability,
calibration performance, and clinical utility. To ensure strict
data independence, we performed dataset partition at the
patient level, such that all WSIs originating from the same
patient were assigned exclusively to the training, validation,
or test set. This process prevented any information leakage
across folds and ensured fair evaluation.

To further assess the generalization capability of the devel-
oped method, we conducted external testing with independ-
ent datasets collected from multiple medical centers. These

external evaluations enabled a more comprehensive and rigor-
ous examination of the model’s robustness across heterogene-
ous clinical environments.

Attention-based visualization of
histopathology model decisions

To interpret the decision-making process of the histopathol-
ogy model and identify the morphological features most crit-
ical for PIK3CA mutation prediction, we generated heatmap
visualizations based on the attention weights produced by the
model. These visualizations revealed the microscopic patho-
logical structures focused on by the model when determining
mutation status.

Specifically, for a given WSI, the pretrained vision
Transformer architecture assigns a normalized attention score
to each image patch. This score, derived from the softmax
normalization operation within the attention mechanism,
quantifies the relative contribution of each patch to the final
prediction of PIK3CA mutation status. The normalized atten-
tion values are then mapped back to their corresponding
spatial locations on the original slide and upsampled to recon-
struct a full-resolution heatmap. In the resulting heatmap,
regions with high attention scores are highlighted in warm
colors (e.g., red), representing tissue areas that the model iden-
tifies as most predictive of PIK3CA mutation, such as specific
tumor cell arrangements, degrees of nuclear atypia, or patterns
of stromal reaction.

This visualization approach transforms the internal decision
mechanisms of the model into visual cues that can be read-
ily interpreted by pathologists, thereby enhancing the trans-
parency of the deep learning framework. More importantly,
it enables verification of whether the regions highlighted by
the model correspond to established pathological knowledge
associated with PIK3CA mutations, thus establishing a relia-
ble pathway from computational decision-making to clinical
interpretation.

SHAP analysis of clinical feature contributions

To gain deeper insight into the decision-making process of the
XGBoost model and identify the clinical features most criti-
cal for predicting PIK3CA mutations, we used the SHapley
Additive exPlanations (SHAP) method for interpretability
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analysis. SHAP, which is based on Shapley value theory from
cooperative game theory, assigns a unique contribution value
to each feature for each individual prediction, thereby pro-
viding consistent and reliable explanations at both global and
local levels. For a given sample x and model f, the SHAP value
¢/ represents the contribution of feature j to the prediction f(x),
computed over all possible subsets of features:

f,»(fax): |S|'(m_|S|_1)|

» !
Sc{lomN{j} "

(Su{iH)-f(9)]

Here, S denotes a subset of features not including feature j,
(S) represents the model prediction with only the feature sub-
set S, and m is the total number of features. By aggregating the
absolute SHAP values across all samples, we obtain the global
importance ranking for each feature:

10
Ij_;;|¢]‘

where I, denotes the global importance of feature j, and ¢j(i)
is the SHAP value of feature j for sample i.

Ethical approval

All digital pathology slides were de-identified according to the
DICOM standard (with removal of patient ID, hospital ID, and

TCGA cohort
(n = 1,098) I
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date of birth). Structured clinical data were pseudonymized by
replacing identifiers with unique codes. Access to raw data
was restricted to the core research team, with encrypted stor-
age and role-based access controls. This study was approved
by the Ethics Committee of Hebei Medical University Fourth
Hospital (approval No. 2025KT033). The requirement for
informed consent was waived, because of the retrospective
nature of the study.

Results

Patient cohorts and dataset composition

On the basis of predefined inclusion and exclusion crite-
ria, all cases from TCGA and the 3 external clinical centers
were systematically screened. The TCGA cohort included
1,047 patients with 1,112 WSIs, each with complete PIK3CA
mutation status, high-quality WSIs, and full clinical informa-
tion. HBMU (70 patients and 175 WSIs), CMU (52 patients
and 52 WSIs), and SCU (44 patients and 44 WSIs) were the
external validation cohorts. All included cases were primary
breast cancers. Patients with carcinoma in situ, recurrent or
metastatic disease, poor-quality WSIs, missing mutation data,
or frozen-section slides were excluded. The final datasets and
clinicopathologic characteristics are summarized in Figure 2
and Table 1.

Validation cohort
(n = 223)

Excluded (n = 51) |1
« No PIK3CA mutation |
status I
« Poor slicing quality | |
« Carcinoma in situ
« Frozen section I

Validation HBMU
(n =99)

Validation CMU Validation SCU
(n =52) (n=72)

Analyzed

Excluded (n = 29)

» No PIK3CA mutation
status

» Poor slicing quality

« Carcinoma in situ

« Frozen section

{

Excluded (n = 0)

* No PIK3CA mutation
status

« Poor slicing quality

« Carcinoma in situ

« Frozen section

Ex

cluded (n = 28)
No PIK3CA mutation
status

« Poor slicing quality
» Carcinoma in situ
+ Frozen section

(n = 1,047; WSIs = 1,112)

External HBMU
(n = 70; WSIs = 175)

External CMU External SCU
(n = 52; WSIs = 52) (n = 44; WSIs = 44)

Figure 2 Study cohort construction and data flow diagram. This flowchart summarizes the inclusion and exclusion criteria across the TCGA

cohort and 3 external clinical cohorts (HBMU, CMU, and SCU). After application of exclusion criteria including missing PIK3CA mutation sta-

tus, poor image quality, carcinoma in situ, or frozen sections, eligible WSIs and clinical data were retained for analysis. The TCGA dataset was

further divided into training, validation, and internal test sets. The 3 external cohorts were used for independent external validation. CMU,

Beijing Xuanwu Hospital of Capital Medical University; HBMU, Hebei Medical University Fourth Hospital; SCU, West China Hospital of Sichuan

University; TCGA, The Cancer Genome Atlas; WSIs, whole-slide images.
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Table 1

Clinicopathologic characteristics of the TCGA and external validation cohorts

437

TCGA set (n = 1,047)

HBMU set (n = 70)

CMU set (n = 52)

SCU set (n = 44)

Age, years

Lymph node metastasis, n (%)

58420 = 13.246

50.871 + 11.178

Yes 477 (45.559) 64 (91.428)
No 451 (43.075) 6 (8.572)
Unknown 119 (11.366) 0 (0.000)
Subtype, n (%)
Basal like 167 (15.950) 19 (27.143)
HER2 enriched 76 (7.259) 28 (40.000)
Luminal A 478 (45.654) 1(1.428)
Luminal B 195 (18.625) 22 (31.429)
Unknown 131 (12.512) 0 (0.000)
AJCC, n (%)
1.0 196 (18.720) 0 (0.000)
20 598 (57.116) 30 (42.857)
3.0 235 (22.445) 34 (48.572)
4.0 18 (1.719) 6 (8.571)
Label, n (%)
PIK3CA mutant 319 (30.468) 31 (44.286)
PIK3CA wild type 728 (69.532) 39 (55.714)

57.404 + 12.069

10 (19.231)
42 (80.769)

0 (0.000)

0 (0.000)
0 (0.000)
41 (78.846)
11 (21.154)
0 (0.000)

33 (63.462)
18 (34.615)
1(1.923)
0 (0.000)

26 (50.000)
26 (50.000)

47.045 + 8.747

19 (43.182)
25 (56.818)

0 (0.000)

4(9.091)

6 (13.636)
11 (25.000)
23 (52.273)
0 (0.000)

0 (0.000)
11 (25.000)
33 (75.000)
0 (0.000)

21 (47.727)

23 (52.273)

AJCC, American Joint Committee on Cancer; CMU, Beijing Xuanwu Hospital of Capital Medical University; HBMU, Hebei Medical University
Fourth Hospital; SCU, West China Hospital of Sichuan University; SD, standard deviation; TCGA, The Cancer Genome Atlas.

Table 2 Performance comparison of various pretrained feature extractors on the TCGA test set

Pre-encoder

AUC (95% CI)

ACC (95% CI)

F1(95% Cl)

SEN (95% ClI)

Virchow?2 0.635 (0.570-0.700)  0.628 (0.578-0.678)
CONCH-V15  0.673 (0.615-0.731)  0.655 (0.607-0.703)
CTransPath 0.681 (0.625-0.737)  0.665 (0.619-0.711)
UNI-V2 0.698 (0.645-0.751)  0.670 (0.628-0.712)
H-optimus-0  0.715 (0.655-0.775)  0.682 (0.597-0.767)

0.432 (0.370-0.494)
0.478 (0.420-0.536)
0.495 (0.440-0.550)
0.515 (0.465-0.565)

0.532 (0.447-0.617)

0.441 (0.355-0.527)
0.488 (0.405-0.571)
0.505 (0.425-0.585)
0.540 (0.470-0.610)
0.561 (0.461-0.661)

SPEC (95% Cl) P
0.728 (0.670-0.786)  <0.001
0.745 (0.690-0.800)  <0.001
0.772 (0.720-0.824)  0.015
0.755 (0.705-0.805)  0.045

0.768 (0.668-0.868)  NA

ACC, accuracy; AUC, area under the curve; Cl, confidence interval; F1, F1 score; NA, not available; SEN, sensitivity; SPEC, specificity; TCGA, The
Cancer Genome Atlas.

Performance of the histopathology model

Within the TCGA dataset, we conducted a systematic bench-
marking analysis of 5 advanced pathology foundation models
serving as pretrained encoders in the CLAM-SB architecture
(performance metrics summarized in Table 2). Among the eval-
uated encoders, H-optimus-0 achieved the best performance,
with an AUC of 0.715 (95% CI: 0.665-0.775) and ACC of 0.682
(95% CI: 0.597-0.767). UNI-V2 ranked second (AUC: 0.698),

whereas Virchow2 had the weakest performance (AUC: 0.635).
Statistical analysis (DeLong test) revealed that, compared with
the top-performing H-optimus-0 model, all other evaluated
models exhibited statistically significant performance disadvan-
tages (all P < 0.05). Because of its comprehensive superior perfor-
mance across all evaluation metrics, H-optimus-0 was selected as
the feature encoder for the final histopathology branch.

The trained image model was subsequently evaluated on
the external multi-center datasets (Figure 3 and Table 4). The
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Figure 3 Performance of the histopathology model across datasets. (A) Comparison of prediction performance with various pretrained
encoders. (B) Radar plots summarizing AUC, ACC, F1, SEN, and SPEC across centers. (C—F) ROC curves with 5-fold cross-validation results and
corresponding confusion matrices of the histopathology model in the (C) TCGA test set, (D) HBMU dataset, (E) CMU dataset, and (F) SCU data-
set. ACC, accuracy; AUC, area under the curve; Cl, confidence interval; CMU, Beijing Xuanwu Hospital of Capital Medical University; F1, F1 score;
HBMU, Hebei Medical University Fourth Hospital; ROC, receiver operating characteristic; SCU, West China Hospital of Sichuan University; SEN,
sensitivity; SPEC, specificity; TCGA, The Cancer Genome Atlas.



440

Table 3 Comparison of machine-learning algorithms for the clinical model

Miao et al. Multimodal prediction of PIK3CA mutations

Model AUC (95% CI) ACC (95% CI) F1(95% CI) SEN (95% CI) SPEC (95% Cl) P
k-NN 0.534 (0.457-0.612) 0.630 (0.572-0.689) 0.749 (0.704-0.794) 0.796 (0.726-0.866) 0.252 (0.163-0.342) <0.001
LR 0.558 (0.493-0.624) 0.546 (0.513-0.580) 0.622 (0.592-0.652) 0.537 (0.506-0.568) 0.567 (0.498-0.636) <0.001
GB 0.681 (0.635-0.728) 0.665 (0.614-0.717) 0.780 (0.747-0.813) 0.855 (0.810-0.900) 0.233 (0.111-0.354) 0.0817
RF 0.681 (0.618-0.743) 0.601 (0.548-0.654) 0.636 (0.567-0.706) 0.506 (0.425-0.587) 0.819 (0.792-0.845) 0.3022
XGBoost 0.694 (0.647-0.741) 0.619 (0.561-0.678) 0.674 (0.610-0.738) 0.570 (0.494-0.646) 0.732 (0.688-0.777) NA

ACC, accuracy; AUC, area under the receiver operating characteristic curve; Cl, confidence interval; F1, F1 score; GB, gradient boosting; k-NN,
k-nearest neighbors; LR, logistic regression; NA, not available; RF, random forest; SEN, sensitivity; SPEC, specificity.

results demonstrated stable generalization. The HBMU cohort
had an AUC of 0.680 (95% CI: 0.540-0.800) and ACC of 0.620.
The CMU cohort had an AUC of 0.680 (95% CI: 0.550-0.810)
and ACC of 0.600. The SCU cohort had an AUC of 0.670 (95%
CI: 0.520-0.820) and ACC of 0.590. Overall, the histopathol-
ogy model maintained consistent performance across centers,
thus supporting its robustness against staining and scanning
variability.

Performance of the clinical model

In the clinical model, 5 machine-learning algorithms were
benchmarked: k-nearest neighbors (k-NN), logistic regression
(LR), gradient boosting (GB), random forest (RF), and XGBoost.
XGBoost outperformed all other models on the TCGA dataset,
achieving an AUC of 0.694 (95% CI: 0.647-0.741) and ACC
of 0.619 (95% CI: 0.561-0.678) (Table 3). Statistical analysis
(DeLong test) confirmed the significant performance advantage
of XGBoost over k-NN and LR (P < 0.05). GB and RF yielded
comparable AUC values (both 0.681), whereas k-NN exhibited
the lowest predictive performance (AUC = 0.534). Because of
its superior and statistically significant predictive capability,
XGBoost was selected as the classifier for the clinical model.

To assess the model’s true generalization ability, we directly
applied the trained clinical model to 3 completely independent
external validation cohorts. The model demonstrated stable
performance across all external cohorts (Figure 4 and Table
4). In the HBMU cohort, it achieved an AUC of 0.660 (95% CI:
0.560-0.760), specificity of 0.680, and sensitivity of 0.600; in
the CMU cohort, the AUC was 0.640 (95% CI: 0.520-0.760),
and the model exhibited balanced performance character-
istics; and in the SCU cohort, the AUC was 0.650 (95% CIL:
0.530-0.770). These results consistently indicated the model’s
robust discriminative ability across multiple external datasets.

Performance of the multimodal PIK3CA
model

Using a decision-level late fusion strategy, the MPM integrates
the predictive outputs from both the histopathology and

clinical models. MPM achieved the best overall performance
on the internal TCGA test set, with an AUC of 0.745 (95%
CI: 0.715-0.775), ACC of 0.700 (95% CI: 0.660-0.740), F1 of
0.640 (95% CI: 0.600-0.680), SEN of 0.615 (95% CI: 0.570—
0.660), and SPEC of 0.775 (95% CI: 0.740-0.810) (Figure 5
and Table 4). Significance testing (DeLong test) confirmed
the MPM’s statistically superior performance to those of the
histopathology model (P = 0.038) and clinical model (P <
0.001).

On the external validation cohorts, MPM consistently
maintained robust and balanced predictive capability. In
the HBMU cohort, it attained an AUC of 0.695 (95% CI:
0.615-0.775) and ACC of 0.645 (95% CI: 0.580-0.710). In
the CMU cohort, the model achieved an AUC of 0.690 (95%
CL: 0.610-0.770) and ACC of 0.615 (95% CI: 0.535-0.695).
For the SCU cohort, the MPM yielded an AUC of 0.680 (95%
CI: 0.600-0.760) and ACC of 0.620 (95% CI: 0.540-0.700).
Across all external centers, the MPM demonstrated sta-
ble specificity (0.740-0.760) and provided a more balanced
trade-off between sensitivity and specificity than either sin-
gle-modality model, with no observed statistically significant
performance degradation (all P > 0.05 vs. single modalities in
external sets).

Calibration curve analysis demonstrated that the pre-
dictive probabilities generated by the MPM were in good
agreement with the actual event rates across both the inter-
nal TCGA cohort and all external validation cohorts. DCA
further validated the clinical utility of the model. Within
the threshold probability range of 0.020-0.500, the MPM
yielded significantly greater net benefits than the 2 conven-
tional strategies of universal sequencing and no sequencing.
These findings underscored the advantages and transla-
tional potential of the multimodal fusion strategy in clinical
practice.

Opverall, these results indicated that, by leveraging comple-
mentary morphological features from WSIs and structured
clinical data, the MPM substantially improved the predictive
performance on the internal cohort and maintained strong,
generalizable performance across heterogeneous external
centers, thereby supporting the efficacy and robustness of the
multimodal fusion strategy.
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Table 4 Performance evaluation of single-modal vs. multi-modal models
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Histopathology model

Clinical model

MPM

TCGA test set
AUC (95% CI)
ACC (95% CI)
F1(95% Cl)
SEN (95% ClI)
SPEC (95% Cl)
2]

HBMU
AUC (95% Cl)
ACC (95% ClI)
F1(95% Cl)
SEN (95% Cl)
SPEC (95% Cl)
P

cMuU
AUC (95% Cl)
ACC (95% CI)
F1(95% ClI)
SEN (95% CI)
SPEC (95% Cl)
P

SCuU
AUC (95% Cl)
ACC (95% CI)
F1(95% Cl)
SEN (95% Cl)
SPEC (95% Cl)

P

0.715 (0.655-0.775)
0.682 (0.597-0.767)
0.532 (0.447-0.617)
0.561 (0.461-0.661)
0.768 (0.668-0.868)
0.038

0.680 (0.540-0.800)
0.620 (0.500-0.730)
0.650 (0.540-0.750)
0.500 (0.380-0.620)
0.750 (0.600-0.900)
0.550

0.680 (0.550-0.810)
0.600 (0.460-0.740)
0.500 (0.360-0.640)
0.400 (0.260-0.540)
0.800 (0.660-0.940)
0.550

0.670 (0.520-0.820)
0.590 (0.440-0.740)
0.480 (0.330-0.630)
0.380 (0.230-0.530)
0.780 (0.630-0.930)

0.480

0.694 (0.647-0.741)
0.619 (0.561-0.678)
0.674 (0.610-0.738)
0.570 (0.494-0.646)
0.732 (0.688-0.777)
<0.001

0.660 (0.560-0.760)
0.630 (0.530-0.730)
0.650 (0.550-0.750)
0.600 (0.500-0.700)
0.680 (0.580-0.780)
0.250

0.640 (0.520-0.760)
0.600 (0.480-0.720)
0.620 (0.500-0.740)
0.580 (0.460-0.700)
0.650 (0.530-0.770)
0.250

0.650 (0.530-0.770)
0.620 (0.500-0.740)
0.640 (0.520-0.760)
0.590 (0.470-0.710)
0.670 (0.550-0.790)

0.320

0.745 (0.715-0.775)
0.700 (0.660-0.740)
0.640 (0.600-0.680)
0.615 (0.570-0.660)
0.775 (0.740-0.810)
NA

0.695 (0.615-0.775)
0.645 (0.580-0.710)
0.660 (0.610-0.710)
0.575 (0.500-0.650)
0.740 (0.665-0.815)
NA

0.690 (0.610-0.770)
0.615 (0.535-0.695)
0.590 (0.510-0.670)
0.525 (0.435-0.615)
0.760 (0.675-0.845)
NA

0.680 (0.600-0.760)
0.620 (0.540-0.700)
0.605 (0.525-0.685)
0.535 (0.445-0.625)
0.755 (0.670-0.840)

NA

ACC, accuracy; AUC, area under the curve; Cl, confidence interval; CMU, Beijing Xuanwu Hospital of Capital Medical University; F1, F1 score;
HBMU, Hebei Medical University Fourth Hospital; SCU, West China Hospital of Sichuan University; SEN, sensitivity; SPEC, specificity; TCGA,

The Cancer Genome Atlas.

Attention heatmap interpretation of the
histopathology model

Attention heatmaps derived from the CLAM-SB model high-
lighted the WSI regions contributing most strongly to PIK3CA
mutation prediction. Attention heatmaps were generated by
the histopathology model across the TCGA, CMU, SCU, and

HBMU datasets (Figure 6). High-attention regions (in red)
localized predominantly to tumor-rich areas characterized by
densely packed malignant cells or prominent glandular/tubu-
lar structures, whereas low-attention regions (in blue) typically
corresponded to normal tissue or non-informative back-
ground areas. These patterns indicated the model’s accurate
focus on diagnostically relevant histomorphologic features,
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Figure 4 Performance of the clinical model across datasets. (A) Comparison across multiple machine learning classifiers. (B) Radar plots sum-
marizing model performance across datasets. (C-F) ROC curves with 5-fold cross-validation results and corresponding confusion matrices of
the clinical model in the (C) TCGA test set, (D) HBMU dataset, (E) CMU dataset, and (F) SCU dataset. ACC, accuracy; AUC, area under the curve;
Cl, confidence interval; CMU, Beijing Xuanwu Hospital of Capital Medical University; F1, F1 score; HBMU, Hebei Medical University Fourth
Hospital; ROC, receiver operating characteristic; SCU, West China Hospital of Sichuan University; SEN, sensitivity; SPEC, specificity; TCGA, The
Cancer Genome Atlas.
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Figure 5 Performance of the multimodal PIK3CA Model (MPM). ROC curves, confusion matrices, calibration curves, and DCA results of the
MPM in 4 independent cohorts: (A) TCGA test set, (B) HBMU dataset, (C) CMU dataset, and (D) SCU dataset. AUC, area under the curve; CMU,
Beijing Xuanwu Hospital of Capital Medical University; DCA, decision curve analysis; HBMU, Hebei Medical University Fourth Hospital; MPM,
multimodal PIK3CA model; SCU, West China Hospital of Sichuan University; TCGA, The Cancer Genome Atlas.
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Figure 6 Attention heatmaps of WSI regions contributing to PIK3CA mutation prediction. Representative WSIs from TCGA and 3 external
cohorts are shown with attention overlays. High-attention regions (red) highlight morphologic areas strongly contributing to mutation predic-
tion. Adjacent panels show magnified patches and corresponding attention heatmaps, reflecting model interpretability and center-to-center
robustness. CMU, Beijing Xuanwu Hospital of Capital Medical University; HBMU, Hebei Medical University Fourth Hospital; SCU, West China
Hospital of Sichuan University; TCGA, The Cancer Genome Atlas; WSI, whole-slide image.

thereby achieving automatic identification of key regions robustness and generalizability of the developed image-branch
within WSIs. Furthermore, the consistency of heatmap distri- attention mechanism and underscored its strong interpretabil-
butions across datasets from different centers highlighted the ity and cross-domain adaptability.
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Figure 7 SHAP-based interpretation of the clinical feature model. (A) Global feature importance ranked by mean absolute SHAP values. (B)
SHAP beeswarm plot illustrating feature-level contributions. (C) SHAP dependence plots showing interaction patterns for key features. AJCC,
American Joint Committee on Cancer; SHAP, SHapley Additive exPlanations.

SHAP-based interpretation of the clinical
model

SHAP analysis revealed the relative contributions and direc-
tional effects of various clinical features in the prediction
model for PIK3CA mutation. Molecular subtype exhibited
the highest predictive contribution (SHAP importance
0.4197), and was followed by lymph node metastasis sta-
tus (SHAP importance = 0.3321), age (SHAP importance

= 0.1507), and AJCC stage (SHAP importance = 0.0976)
(Figure 7A). Further analysis indicated significant dif-
ferences in the effects of molecular subtypes on muta-
tion risk (Figure 7B). Specifically, the luminal A subtype
showed the highest tendency toward mutation risk (SHAP
value = 1.7702), whereas the basal-like subtype exhibited a
lower mutation risk (SHAP value = —0.4977). Additionally,
patients without lymph node metastasis demonstrated ele-
vated mutation risk.
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SHAP dependence analysis further elucidated the inde-
pendent influence patterns of each feature (Figure 7C).
Molecular subtype displayed a clear negative gradient, thus
further supporting luminal subtypes as high-risk categories;
lymph node metastasis contributed most strongly to predic-
tion at moderate levels; the positive influence of age was weak-
est in the age range of 40-60 years; and earlier AJCC stages
were associated with higher predicted mutation risk. Inter-
feature correlation analysis indicated a moderate association
between AJCC stage and lymph node metastasis in terms of
their influence on SHAP values (r = 0.47), whereas age, molec-
ular subtype, and other features showed weaker correlations
(r = 0.09). In summary, the SHAP interpretability framework
not only quantified the predictive weight of each feature in the
model but also systematically revealed their independent and
interactive patterns, thus providing an interpretable computa-
tional basis for understanding the clinical predictive pathways
of PIK3CA mutation.

Discussion

In this study, we developed and validated a multimodal arti-
ficial intelligence framework, the MPM, integrating digital
histopathology and clinical data to predict PIK3CA muta-
tion status in patients with breast cancer. The MPM achieved
robust predictive performance across both the internal TCGA
validation set and multiple external independent cohorts, with
AUC values ranging from 0.680 to 0.745. Importantly, the
MPM consistently outperformed each single-modality model
(histopathology-only or clinical-only), thereby highlighting
the substantial advantage of multimodal fusion in enhancing
model generalizability and predictive accuracy. Our work was
aimed at developing a reliable histology-based prediction tool
for important clinical biomarkers. We systematically eval-
uated multiple foundation models and algorithms and pro-
vided interpretability analyses, thereby providing substantial
advances to the field.

Within the histopathology model, we systematically eval-
uated 7 state-of-the-art pathology foundation models as pre-
trained feature extractors. H-optimus-0 achieved the best
performance on the TCGA dataset (AUC = 0.715), thus indi-
cating its strong capability in capturing histomorphologic
patterns associated with PIK3CA mutations. Its advanced
architecture and pre-training strategies highlighted the nota-
ble value of self-supervised learning and contrastive learning
in feature extraction from pathological images. Furthermore,
the histopathology model’s maintenance of favorable general-
izability on external datasets (AUC = 0.670-0.680) supported
its robustness across multi-center cohorts with heterogeneous
staining and scanning conditions.

For the clinical model, the XGBoost model achieved the
highest predictive performance (TCGA AUC = 0.694) among
multiple machine-learning methods. The strength of XGBoost

Miao et al. Multimodal prediction of PIK3CA mutations

is its ability to model nonlinear relationships and high-order
interactions, which are common in clinical oncology data. On
the basis of SHAP interpretability analysis, molecular subtype
was identified as the most influential predictor, surpassing all
other clinical variables. The luminal A subtype exhibited ele-
vated propensity for mutation risk, in agreement with previ-
ously reported associations between these clinical factors and
PI3KCA-driven tumor biology in the literature!”:18,

The MPM, which integrates the predicted probabilities from
the image and clinical models through logistic regression,
achieved an AUC of 0.745 on the TCGA cohort and substan-
tially outperformed the single-modality models. This finding
confirmed the complementary nature of digital histopathology
and clinical data in predicting PIK3CA mutations: the histopa-
thology model captures subtle morphologic patterns within the
tumor microenvironment that are associated with underlying
genomic alterations, whereas the clinical model incorporates
patient-level biological and clinical context. By leveraging both
sources of information, the fused model not only improves
overall predictive accuracy but also enhances robustness across
heterogeneous patient populations. Our results align with the
growing trend in medical Al toward using multimodal fusion
frameworks to effectively reflect the multifaceted nature of
clinical decision-making!®?°. Importantly, however, the MPM
is intended to serve as a pre-screening tool to prioritize cases
for confirmatory sequencing but not as a definitive surrogate,
given its current absolute performance level.

The interpretability analyses further strengthened the clin-
ical credibility of the developed model. Through attention
heatmap visualization, we identified the specific tissue regions
that the histopathology model prioritized during prediction.
These high-attention areas mapped primarily to regions with
dense tumor cell proliferation or distinctive stromal archi-
tectures, and demonstrated substantial concordance with
pathological patterns known to be associated with PIK3CA
mutations. Notably, these results aligned with findings from
Howard et al. indicating that PIK3CA-associated morphologic
signatures frequently include enhanced cytoplasmic eosin-
ophilia and elevated tubular or glandular formation®!. The
SHAP analysis further elucidated the contribution and direc-
tional effects of each clinical feature on the models predic-
tions, thereby offering a quantitative basis for understanding
the decision-making process of the clinical model. However,
existing interpretability methods still fall short of fully eluci-
dating the intricate interactions between morphological and
clinical characteristics. Future studies will explore advanced
techniques such as concept-based interpretability to improve
model transparency and clinical credibility.

Although the MPM demonstrated strong performance
across multiple centers, several limitations remain. The rel-
atively small external cohorts might restrict the assessment
of generalizability. The clinical model, despite incorporating
key variables, might have omitted potentially important fac-
tors such as treatment history or family history. In addition,



Cancer Biol Med Vol 23, No 3 March 2026

because the histopathology model might be affected by var-
iations in staining and slide quality, room for further opti-
mization may exist. Moreover, the model achieves optimal
performance when both high-quality WSIs and structured
clinical data are available, thus potentially posing practical
constraints in certain resource-limited clinical settings. The
variability in model specificity across multicenter validations
is likely to reflect the inherent heterogeneity of real-world
clinical and pathological practice. DCA suggested that, across
a broad range of threshold probabilities, the model might
provide clinical net benefit when used as a decision-support
pre-screening tool. However, differences in patient demo-
graphics, disease stage distributions, histopathological stain-
ing protocols, and digital scanning parameters across centers
might contribute to performance variability and also pose
practical challenges in large-scale clinical deployment, includ-
ing infrastructure requirements, data integration, and regu-
latory considerations. In practice, computationally intensive
components of the framework may be deployed via central-
ized or cloud-based infrastructures, to enable flexible integra-
tion into clinical workflows without requiring extensive local
computing resources. To facilitate more standardized applica-
tion in multicenter settings, several technical strategies may
be considered, such as stain-normalization approaches to mit-
igate inter-institutional staining variability, privacy-preserv-
ing federated learning frameworks to support collaborative
modeling across centers, and robust-transfer techniques such
as domain adaptation and meta-learning to enhance general-
izability to new clinical environments.

Future work will be aimed at expanding external validation
cohorts, exploring deeper multimodal fusion strategies, and
extending this framework to additional driver-gene mutations
and treatment-response prediction. In addition, future stud-
ies may explore the incorporation of longitudinal clinical data
and treatment history, to enable more dynamic modeling of
disease evolution. We also plan to investigate the integration
of MPM as a pre-screening decision-support tool within digi-
tal pathology workflows, to help prioritize cases for confirma-
tory molecular testing, thereby strengthening its translational
potential in precision oncology.

Conclusions

Herein, we developed a multimodal artificial intelligence
framework integrating WSI with structured clinical data to
predict PIK3CA mutation status in breast cancer. The devel-
oped MPM consistently demonstrated robust performance
across internal and multi-center external cohorts, and out-
performed single-modality approaches, thus highlighting the
complementary value of image-derived morphologic features
and patient-level clinical information. Interpretability analyses
further confirmed that the model captured biologically mean-
ingful patterns associated with PIK3CA alterations, thereby
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strengthening its potential for clinical translation. Collectively,
these findings suggested that multimodal fusion is a promis-
ing strategy for molecular biomarker prediction that might
serve as an effective pre-screening tool to decrease reliance on,
rather than replace, routine sequencing assays, thereby opti-
mizing testing strategies and resource allocation to support
precision oncology.
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